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Abstract

Representation learning is central to recommender systems because the information
encoded in user and item representations directly affects how effectively user prefer-
ences and item characteristics can be modelled. Recommender systems increasingly
learn from heterogeneous feedback, including behavioural interactions, numerical rat-
ings, and textual reviews. These feedback sources provide complementary informa-
tion, but they also raise an important representation learning problem: the same user
or item may need to be represented differently depending on the type of feedback be-
ing modelled or the particular interaction for which a prediction is made. This thesis
investigated this problem from the perspective of accurate and aspect-level explainable
recommendation.

The thesis examined two related research questions. The first concerned how im-
plicit and explicit feedback could be integrated while preserving their different mean-
ings and allowing information to be exchanged between their respective user and item
representations. The second concerned how user and item representations could de-
pend on their current interaction counterpart in aspect-level recommendation.

To investigate these questions, the thesis adopted a polymorphic representation
learning perspective, under which the same entity can have different representations
across feedback types or interaction counterparts. For the first research question, we
developed Interdependent Embedding Learning (IEL), a GCN-based framework that
maintained separate user and item representations for implicit and explicit feedback.
IEL used intra-graph and selected inter-graph message passing to allow these feedback-
specific representations to exchange collaborative information and was evaluated for
both item ranking and rating prediction. For the second research question, we devel-
oped Dynamic Representation Learning (DRL), which combined general collaborative
representations learned from ratings with aspect-sentiment information extracted from
textual reviews for the current interaction. DRL constructed an item-dependent user
representation and a user-dependent item representation for rating and positive-aspect
prediction. A prompt-based large language model (LLM) procedure was used to trans-
form reviews into structured aspect-sentiment information for this study.

Offline experiments on public Amazon product-review datasets provided empirical
support for both approaches. IEL improved recommendation performance relative to
the compared unified recommendation baselines, with the strongest and most consis-

tent improvements observed for item ranking. DRL achieved lower rating-prediction
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MSE than the compared baselines across all three evaluated datasets, with an average
reduction of 5.1% relative to the strongest compared baseline. It also improved Hit@1
for positive-aspect prediction by an average of 4.8%. The latter evaluation measured
the model’s ability to predict aspects subsequently appearing in held-out reviews and
therefore served as an operational measure of aspect-level explanation.

The main contribution of this thesis is a unified representation-learning perspective
that connects feedback-dependent and interaction-dependent representations. The IEL
and DRL studies demonstrate how heterogeneous feedback can be preserved and inte-
grated without requiring a single invariant representation of each user or item. In ad-
dition, the thesis constructed three derived Amazon review datasets containing LLM-
extracted aspect-sentiment information for aspect-level recommendation research. Over-
all, the findings suggest that allowing user and item representations to vary according
to the feedback type and the interaction being modelled provides a useful direction
for learning from heterogeneous feedback in accurate and explainable recommender

systems.
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Chapter 1
Introduction

Recommender systems have become widely used tools for information filtering across
online retail, streaming services, and social media platforms (Wu et al., 2022; De Cam-
pos et al., 2024). Personalised recommender systems learn from users” historical feed-
back, including implicit interactions, explicit ratings, and textual reviews, to model
users’ preferences and item characteristics. A central technical problem is therefore
how to construct informative representations of users and items from the available
feedback. Predictive accuracy has historically been a major objective of recommender
systems, but other objectives, including explainability, have also received increasing
attention. Explanations can help users understand the information associated with a
recommendation, although their perceived usefulness, persuasiveness, and effects on
trust depend on how explanations are designed and evaluated (Wardatzky et al., 2025).

Explainability broadly concerns the question of why an item is recommended, in
contrast to how the underlying algorithm works, which falls under interpretability (Pan
et al., 2020). It is worth noting that these two terms have been used interchangeably
in some prior work, such as Liu et al. (2021) and Zhang et al. (2021). Some research
(Tintarev and Masthoff, 2012) has argued that user-centred explanations need not ex-
pose all internal mechanisms of the model. Instead, they should fulfil specific explana-
tory purposes, such as supporting efficient decision-making or enhancing persuasive
effectiveness (Tintarev, 2007), which in turn can encourage users to engage with the
system more consistently (Hulstijn et al., 2023). Accordingly, this thesis uses explain-
ability in the former sense and focuses on user-facing reasons for why an item is rec-
ommended, rather than on interpreting the internal operation of the recommendation
algorithm.

A fundamental objective of recommender systems is to infer user-item relation-
ships from observed interactions. This approach emerged in the mid-1990s, when

researchers began addressing recommendation problems primarily based on explicit
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feedback, particularly in the form of numerical ratings (Adomavicius and Tuzhilin,
2005). Early research focused on rating prediction, aiming to estimate a user’s rating
(e.g., from 1 to 5 stars) for a specific item with high accuracy (Su and Khoshgoftaar,
2009). Classic Collaborative Filtering (CF) methods performed well in this context by
comparing users’ explicit ratings to identify either similar users or similar items. As the
tield of recommendation evolved, however, both researchers and practitioners recog-
nised that item ranking, which prioritises the most relevant items, was often more
suitable for real-world applications. The growing prevalence of implicit feedback,
such as clicks, add-to-cart actions, and purchases, made this shift especially relevant.
In ranking-oriented tasks (also known as top-N recommendation), the goal is to place
a user’s preferred items near the top of the recommended list.

Subsequently, various methods such as content-based recommendation, matrix fac-
torisation, and neural network-based approaches emerged to accommodate different
types of feedback and recommendation tasks. Content-based recommendation re-
lies on item features (e.g., text descriptions and tags) and can be adapted for both
explicit and implicit feedback (Pazzani and Billsus, 2007), although early implemen-
tations primarily utilised explicit signals to model user-item relevance. Matrix Fac-
torisation (MF) gained prominence during the Netflix Prize competition! (Wu et al.,
2023). It initially focused on rating prediction using explicit feedback and was later
extended to handle implicit feedback, typically through a pairwise ranking loss (Ren-
dle et al., 2009). As recommendation models became increasingly sophisticated, Neu-
ral Network-based approaches were introduced. These methods employ architectures
such as Autoencoders (AE) and Convolutional Neural Networks (CNN), enabling flex-
ible modelling of both explicit and implicit feedback (Zhang et al., 2019b). Given that
user-item interaction in recommender systems can naturally be represented as a bipar-
tite graph, where users and items serve as two distinct types of nodes and observed
interactions form edges between them, Graph Neural Network (GNN)-based meth-
ods have received increasing attention (Wu et al., 2022). This technique also supports
the modelling of both explicit and implicit feedback across a range of recommendation
tasks.

Across these recommendation paradigms, representation learning concerns how
information about users and items is encoded into forms that can be used for prefer-
ence prediction. Traditional approaches often relied on explicit user/item profiles or

manually constructed features, whereas MF and modern neural methods learn latent

Ihttps://en.wikipedia.org/wiki/Netflix_Prize
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vector representations from user-item interaction data (Li and Zhao, 2021). More re-
cent recommender systems increasingly enrich these representations with additional
information, such as textual reviews, knowledge graphs, and multi-modal item con-
tent (Hasan et al., 2025; Wu et al., 2022). The quality of these representations directly
affects what information is available to the matching or prediction function. This thesis
focuses primarily on this representation-learning stage: rather than designing increas-
ingly complex matching functions, it investigates how user and item representations
can preserve and integrate information from heterogeneous feedback and how these
representations can vary according to the current interaction context.

In the following sections, we first distinguish implicit and explicit feedback and
explain their relationships with different recommendation objectives (Section 1.1). We
then review major recommendation approaches with particular attention to how they
construct user and item representations (Section 1.2). In general, these approaches dif-
fer in their ability to provide explanations: methods based on directly identifiable con-
tent features or neighbourhood relationships can often expose information that con-
tributed to a recommendation, whereas latent representation models such as MF, neu-
ral CF, and many GNN-based approaches generally require additional information or

mechanisms to produce user-facing explanations.

1.1 Implicit and Explicit Feedback

Implicit feedback records users” behavioural interactions with items and can often be
collected automatically at scale (Chen et al., 2017). In common binary implicit-feedback
formulations, observed interactions are encoded as 1 and unobserved interactions as
0. An observed interaction indicates engagement with an item but does not directly re-
veal the strength or direction of the user’s evaluation, while an unobserved interaction
does not necessarily indicate dislike (Hu et al., 2008). Implicit feedback is therefore
commonly modelled as interaction occurrence and used for ranking-oriented recom-
mendation, where the objective is to place relevant items near the top of a recommen-
dation list. Offline evaluation commonly employs information retrieval metrics such
as Precision@N, Recall@N, and NDCG@N (Su and Khoshgoftaar, 2009). Another com-
mon task based on implicit feedback is click-through rate (CTR) prediction, which es-
timates the probability that a user will click a candidate item or advertisement. CTR
prediction is an important large-scale learning problem in industrial recommender and

advertising systems (McMahan et al., 2013), and models for this task are commonly
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Cordless Wet Dry Vacuum Cleaner, One-Step Cleaning for Hard Floors, Auto Self-Cleaning, Edge Clean,
LED Display, Long Runtime

Ak K
(1) | Reviewed on 26 November 2024

| give it 4 starts just because is a bit heavy to use after a while but, its a great vacuum mop.

1 0.8, 8

) Reviewed on 5 October 2024

Really easy to set up and use, the floors feel nice and clean after. But must clean and
empty out right after use as it will smell if not.

FIGURE 1.1: Two 4-star reviews on the same product reveal distinct user
concerns. Source: Amazon.com

evaluated using metrics such as AUC and log loss (Guo et al., 2017). The present the-
sis, however, focuses on ranking-oriented recommendation when modelling implicit
teedback, and the implicit-feedback view investigated in Chapter 3 is therefore evalu-
ated through top-N ranking rather than CTR prediction.

In contrast, explicit feedback provides more direct evaluative information about
observed user-item relationships. Numerical ratings, for example, indicate not only
that an interaction occurred but also the degree of preference expressed by the user.
Such feedback usually requires additional user effort and can therefore be sparser than
automatically recorded behavioural interactions (Balabanovi¢ and Shoham, 1997). Rat-
ing prediction models estimate unknown rating values and are commonly evaluated
using error-based metrics such as RMSE and MAE (Steck, 2013).

Implicit and explicit feedback thus provide complementary information about user-
item relationships rather than simply differing in feedback quality. A concrete example
is an e-commerce platform in which views, clicks, add-to-cart actions, and purchases
provide behavioural signals, while star ratings and likes/dislikes provide explicit eval-
uative feedback from a subset of users. Such heterogeneous interaction histories have
long been present in commercial recommendation settings; for example, Amazon’s
recommendation system was described as exploiting information including viewed,
purchased, and rated items (Linden et al., 2003).

A common limitation of both ratings and behavioural signals is that they only re-
flect users’ overall attitudes towards items, without revealing the underlying reasons
behind their choices (Guan et al., 2019). In contrast, textual reviews provide detailed

insights into users’ perceptions and sentiments towards specific item features (He et
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al., 2015; Pan et al., 2022). Even when users assign the same rating to an item, their
motivations and concerns may differ significantly (Hou et al., 2019). For instance, as
illustrated in Figure 1.1, two users gave the same vacuum cleaner a 4-star rating, but
for different reasons. One user praised its performance but found it somewhat heavy,
while the other appreciated its ease of setup but noted the necessity for frequent clean-
ing. This example highlights how identical ratings can hide different user concerns
and preferences. Consequently, textual reviews provide an additional source of fine-
grained information for modelling user preferences and item characteristics.

Reviews often contain users’ reasons for their evaluations, including opinions to-
wards individual item characteristics, which makes them particularly useful for review-
based and explainable recommendation (McAuley and Leskovec, 2013; Hasan et al.,
2025). Recent review-based recommendation research continues to investigate how
such textual information can be combined with interaction and rating signals to im-
prove user/item representation learning and provide more informative recommenda-

tion outputs (Hasan et al., 2025).

1.2 Recommendation Methods

Recommendation methods differ not only in how they compute preference scores, but
also in how they represent users and items. Early content-based (Section 1.2.1) and
CF methods (Section 1.2.2) relied on directly observable content features or interaction
histories. MF (Section 1.2.3) introduced learned latent representations, while neural
(Section 1.2.4) and graph-based methods (Section 1.2.5) subsequently enabled increas-
ingly flexible representation learning from interactions and auxiliary information. This
progression improved the capacity of recommender systems to capture complex pref-
erence patterns but also made the relationship between observed feedback and learned
representations less directly interpretable.

Textual reviews provide one way to enrich these representations with more fine-
grained information. Binary interactions indicate whether a user engaged with an
item, whereas overall ratings indicate the strength of the user’s evaluation. However,
both provide limited information about the specific item characteristics underlying the
user’s behaviour or evaluation. Reviews can reveal which aspects users discuss and
how they evaluate them, providing complementary information for modelling both

users and items (Sun et al., 2020). They can also provide human-readable evidence
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associated with users’ evaluations. Review-based recommendation methods are intro-
duced in Section 1.2.6.

1.2.1 Content-Based Methods

Traditional content-based methods were originally designed to recommend items con-
taining textual information, such as websites and news articles (Adomavicius and
Tuzhilin, 2005). The recommendation outcome was determined solely by matching
the user profile with the content of candidate items (Lops et al., 2011), where the
content was typically represented using keywords (Adomavicius and Tuzhilin, 2005).
Early content-based approaches, such as vector-space models, probabilistic models,
and decision trees, often relied on manually engineered features (Raza et al., 2024).
For example, in the vector-space model, an item is represented as a weighted vec-
tor of word features, where each dimension corresponds to a term in the vocabulary,
and term weights are computed using methods such as term frequency-inverse doc-
ument frequency (TF-IDF) (Salton and Buckley, 1988). A user’s profile is constructed
by analysing the keywords of items they have previously interacted with (Balabanovi¢
and Shoham, 1997). The similarity between the user profile and item content is then
computed using heuristic measures such as cosine similarity (Turney and Pantel, 2010),
and items with the highest similarity scores are recommended, ensuring alignment
with the user’s historical interests.

One of the key advantages of content-based methods is their transparency. The
system’s behaviour can be explained by explicitly listing the content features that con-
tributed to a recommendation (Lops et al., 2011). For example, when a decision tree
is used with a limited number of structured features, it is straightforward to identify
the most informative features that define the decision boundaries (Pazzani and Billsus,
2007). The overlapping keywords between the user profile and the item content can
also serve as an explanation for the recommendation.

Despite their simplicity and interpretability, traditional content-based methods have
several inherent limitations. First, they typically rely on manually designed or heuris-
tic features to represent users and items, which may fail to capture deeper semantic
relationships. Second, heuristic similarity metrics operate on surface-level content rep-
resentations and often do not reflect the true semantic relevance of items to users, po-

tentially leading to suboptimal performance.
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Modern content-based recommendation increasingly replaces manually engineered
features with learned representations derived from text, images, audio, and other con-
tent modalities. Neural encoders can capture semantic information that is difficult to
represent through shallow keyword vectors, thereby providing richer user and item
features for recommendation (Zhang et al., 2019b). This development illustrates the
broader shift towards representation learning introduced earlier in this chapter. The re-
sulting latent representations can improve predictive modelling but are generally less
directly interpretable than explicit content features. One way to retain useful semantic
information while supporting explanation is to identify fine-grained, human-readable
features that contributed to the learned preference representation. Review-based rec-
ommendation methods follow this general direction by combining learned representa-

tions with information extracted from users’ textual feedback.

1.2.2 Collaborative Filtering (CF)

The concept of collaborative filtering is based on the idea of predicting a target user’s
behaviour by leveraging the collaborative behaviours of their closest "peers" (Wu et al.,
2023). Typically, these systems do not utilise any additional information (such as the
content of items) but instead rely purely on user-item interaction data (Breese et al.,
1998). Early approaches can be categorised into two memory-based? types: user-based
CF and item-based CFE. The former predicts a user’s rating for a new item by leverag-
ing ratings from similar users who have rated the same item, while the latter estimates
the rating by analysing the user’s past ratings on similar items (Roy and Dutta, 2022).
Taking user-based CF as an example, each user’s historical ratings are stored in mem-
ory, and similar users are identified and ranked based on these stored ratings during
the prediction phase (Wang et al., 2006). The similarity between users, which is lever-
aged as a weight to calculate the rating, is computed using various heuristic-based
approaches, such as the Pearson correlation coefficient (Resnick et al., 1994). Finally, a
rating is estimated as a weighted sum of the ratings of the K most similar users for the

same item (Adomavicius and Tuzhilin, 2005).

2Some research (Koren, 2008b; Koren et al., 2021) has pointed out that "memory-based" models,
which rely on storing and directly referencing past ratings, have evolved to incorporate "model-like"
components, such as learning optimised parameters or weights, making them not purely heuristic or
memory-driven. Consequently, they suggest that a more precise term for these approaches may be
"neighbourhood methods". Nonetheless, since this discussion focuses on the philosophy of early recom-
mendation methods, we retain the traditional terminology for consistency with the original literature.
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Providing explanations with memory-based CF is straightforward, as recommen-
dations are directly inferred from users’ past behaviours (Hu et al., 2008). The sim-
ilarity measure in memory-based CF determines the contribution of different "peers"
to the final rating prediction. Based on this, the users or items with the highest con-
tributions can be identified as the key explanation behind the recommendation (Hu
et al., 2008). For example, Herlocker et al. (2000) presented users with a comparison
of how many of their neighbours assigned different rating levels to the recommended
item (e.g., 23 neighbours gave high ratings, while only 3 gave low ratings). Fu et al.
(2018)> proposed an item-based CF model, where the items in the user’s interaction
history that are most similar to the recommended item are used as explanations for the
recommendation.

User-based and item-based CF provide different forms of neighbourhood-based
explanation. User-based CF can explain a recommendation through the preferences
of similar users, whereas item-based CF can relate the recommended item directly to
items in the target user’s own interaction history. The latter may be easier for users
to relate to because the referenced items are already familiar to them, although the
usefulness of either explanation form ultimately depends on the user and presentation
context. More generally, neighbourhood-based CF explanations remain at the user or
item level. They therefore provide less fine-grained information than content-based
explanations that can identify specific item characteristics associated with a recom-
mendation (Zhang and Chen, 2020).

1.2.3 Matrix Factorisation (MF)

The model-based CF approach, matrix factorisation, has become widely adopted due
to its ability to uncover latent spaces that encode user-item interactions (Wu et al.,
2023). In its basic form, user feedback, whether explicit (e.g., numerical ratings) or
implicit (e.g., binary interactions), is organised into a matrix, with one dimension rep-
resenting users and the other representing items (Koren et al., 2009). Through this
matrix, MF learns low-dimensional representations of users and items within a shared
latent space, where the dimensionality is significantly lower than the typically large
number of users or items (Abdollahi and Nasraoui, 2016). Accordingly, each user and

3Theoretically, this method does not fall under memory-based CF, as it maps items into a low-
dimensional representation and computes similarity between two items using the inner product. How-
ever, since it exhibits characteristics of neighbourhood methods and provides intuitive explanations, we
include this study in this discussion.
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item is represented by a vector of latent factors (also known as embedding), and their
correspondence, i.e., the matching score, is computed using a dot product as a match-
ing function (Deng et al., 2019). As such, MF is regarded as a form of shallow repre-
sentation learning (Li and Zhao, 2021), as it directly learns fixed-size embeddings from
user-item interaction data without incorporating deeper semantic structures or addi-
tional information sources. The system optimises the model by fitting the previously
observed ratings in the matrix and ultimately uses it to predict future and unknown
ratings (Koren et al., 2009).

Beyond this basic framework, several well-known MF variants have been proposed
to enhance recommendation performance. Probabilistic Matrix Factorisation (PMF)
introduces a probabilistic perspective by assuming Gaussian noise in user-item in-
teractions, thereby improving generalisation (Mnih and Salakhutdinov, 2008). Non-
negative Matrix Factorisation (NMF), on the other hand, constrains latent factors to be
non-negative, leading to more meaningful representations (Lee and Seung, 1999). Ad-
ditionally, Singular Value Decomposition++ (SVD++) incorporates implicit feedback
to refine rating predictions (Koren, 2008a). These techniques collectively contribute to
the robustness and flexibility of MF-based recommendation systems.

Although MF-based approaches substantially improve predictive accuracy over
memory-based CF, they often hinder transparent explanations (Deng et al., 2019). This
isbecause users’ historical behaviours are abstracted into latent factors, which obscures
the direct link between observed behaviours and generated recommendations. In other
words, the latent factors in MF models do not inherently possess intuitive meanings
(or require manual interpretation), making it difficult to understand why a particular
item is recommended over other candidates (Zhang and Chen, 2020). Some studies
incorporate additional sources of data, such as tags (Vig et al., 2009) or reviews (Zhang
et al., 2014a; Hou et al., 2019), into the MF framework for explanation generation. One
pioneering work is that of Zhang et al. (2014a), which extracts item-related aspects
from textual reviews along with users’ sentiments towards these aspects. This work
introduces a new dimension, i.e., aspects, beyond the traditional user-item rating ma-
trix. By jointly considering users’ attention to specific aspects and items’ performance
on these aspects, their approach enables the generation of aspect-level explanations for

recommendations.
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1.2.4 Neural CF

Neural recommendation models extend conventional CF by using neural networks
to learn richer user/item representations, more expressive user-item interaction func-
tions, or both (Wu et al., 2023). These two components can be distinguished conceptu-
ally. Representation learning determines how a user and an item are encoded, whereas
interaction-function learning determines how the resulting representations are com-
bined to produce a preference score.

Some neural CF models primarily increase the expressiveness of the interaction
function. For example, He et al. (2017) used a multilayer perceptron (MLP) to model
nonlinear interactions between user and item embeddings, while He et al. (2018a)
used a CNN over outer-product interactions. This thesis instead focuses primarily on
the representation learning problem: how user and item representations can be con-
structed from heterogeneous feedback before they are combined for ranking, rating
prediction, or explanation.

Different types of representation learning models vary in both input data (e.g., nu-
merical ratings and binary interaction data) and representation modelling techniques
(e.g., MLP, AE, and attention mechanisms) (Wu et al., 2023). Both Xue et al. (2017) and
Deng et al. (2019) employ MLP to learn deep representations of users and items for
item ranking tasks. However, their models differ in terms of input data: the former
incorporates both explicit feedback and sampled negative implicit feedback, whereas
the latter relies solely on implicit feedback. AE-based models (Sedhain et al., 2015; Wu
et al., 2016; Liang et al., 2018) generally consist of two key components: an encoder,
which maps the input data (i.e., each user’s or item’s historical interactions) into a hid-
den representation; and a decoder, which reconstructs the input data to predict missing
interactions. The input data for these models can be either explicit (Sedhain et al., 2015)
or implicit (Wu et al., 2016; Liang et al., 2018) feedback.

Attention mechanisms provide another way to assign different importance to the
information used to construct user and item representations. Chen et al. (2017), for
example, assigned different weights to a user’s historical items according to their im-
portance to that user when constructing the user representation. In contrast, He et
al. (2018b) and Lv et al. (2020) made the weighting target-aware by considering the
relevance of each historical item to the current candidate item. As a result, the rep-
resentation of the same user could vary across recommendation targets. Analogous

aggregation can be applied on the item side by constructing an item representation
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from information associated with its neighbouring users. These approaches illustrate
an important departure from fixed user and item representations: the information em-
phasised when constructing a representation can vary with the current user-item inter-
action.

Because these models assign importance to historical interactions, their attention
weights or highly weighted historical items can also provide information about which
previous interactions contributed to the recommendation. Such signals can support
model interpretation, although attention weights should not automatically be treated

as evidence of user-perceived explanation quality.

1.2.5 Graph Neural Network (GNN)-Based Methods

GNN-based recommendation methods represent users, items, and potentially other
entities as nodes and their relationships as edges. A typical GNN layer performs mes-
sage propagation by obtaining information from neighbouring nodes, aggregation by
combining the incoming messages, and update by using the aggregated information
to construct the node representation for the next layer. Repeating this process across
multiple layers allows user and item representations to incorporate information from
higher-order collaborative neighbourhoods (Wang et al., 2019; Wu et al., 2023). Dif-
ferent GNN variants mainly differ in how messages are transformed, aggregated, and
weighted. GCNs (Kipf and Welling, 2016), for example, use graph convolution opera-
tions, whereas GATs (Velickovic et al., 2018) learn attention weights for neighbouring
nodes.

Wang et al. (2019) applied graph convolutional operations to the user-item interac-
tion graph, refining node representations through three key propagation steps: feature
transformation, neighbourhood aggregation, and non-linear activation. However, sub-
sequent work has questioned the necessity of such complex operations in CF settings,
where only user-item interaction data are available. In particular, feature transforma-
tions and non-linear activations may introduce unnecessary complexity without yield-
ing commensurate gains in performance. To address this concern, simplified neural
graph CF models have been proposed. For instance, Chen et al. (2020a) and He et al.
(2020) developed lightweight GCN variants that omit redundant deep learning com-
ponents while still achieving strong empirical performance.
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Despite their strong representation-learning capability, standard GNN-based rec-
ommenders do not inherently provide user-facing explanations because their predic-
tions are usually produced from latent node embeddings (Ma et al., 2023). One ap-
proach is to augment the user-item graph with external semantic structure. For exam-
ple, Ma et al. (2023) integrated user-item interactions with a knowledge graph contain-
ing external entities and relations associated with items. It then extracted and weighted
multi-hop reasoning paths between users and candidate items, allowing selected paths
to be presented as evidence for a recommendation. Another approach is to connect
graph representations with textual information. Shuai et al. (2023) introduced topic
nodes and review information into a GNN and selected review sentences that were
most indicative of the learned user-item interaction. These studies illustrate that GNN
representations can support explanation when the graph is augmented with identifi-
able semantic entities, paths, topics, or textual evidence rather than relying only on
latent user and item embeddings.

1.2.6 Review-Based Methods

To enrich user and item representations beyond interaction histories, review-based rec-
ommender systems incorporate information extracted from textual reviews. Reviews
can provide fine-grained descriptions of users’ preferences and item characteristics
that are not directly represented by overall ratings or binary interactions (McAuley
and Leskovec, 2013). Recent surveys show that review-based recommendation en-
compasses diverse approaches to extracting and modelling information from reviews,
ranging from aspect and sentiment analysis to deep neural and language-model-based
representation learning (Hasan et al., 2025). According to the level at which review in-
formation is represented in this thesis, we organise representative methods into three
broad groups: topic-level, review-level, and aspect-level approaches. The following
discussion focuses on how each group constructs user/item representations and, where

applicable, how those representations support recommendation explanations.
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Topic-Level Models

Topic-level models* treat all reviews of a user/item, each individual review, or even
each sentence as a document to extract a k-dimensional topic distribution (i.e., a stochas-
tic vector), where each value represents the probability that the document pertains
to the corresponding topic. Meanwhile, each topic corresponds to a word distribu-
tion (McAuley and Leskovec, 2013). Based on this, users or items can be represented
through topic distributions. For example, McAuley and Leskovec (2013) linked latent
factors learned from user and item identifiers, referred to in this thesis as ID embed-
dings®, with topic distributions learned from reviews, and thus set the number of latent
factors equal to the number of review topics. They transformed each latent factor di-
mension into its corresponding topic distribution dimension using a scaling parameter,
while ensuring the topic distribution remained normalised.

Hou et al. (2019) constructed a user-topic preference matrix and an item-topic qual-
ity matrix from user and item reviews, respectively. The former captures each user’s
attention to various topics, and the latter reflects sentiment expressed in reviews about
item-related topics. They assumed that latent factors learned from the rating matrix
and those decomposed from the topic matrices are shared for both users and items. In
contrast, Sun et al. (2021) did not assume any shared structure between topic distribu-
tions and latent factors; instead, they concatenated user and item topic distributions
as well as their latent factors, passed them through MLPs, and summed the outputs to
obtain the final rating prediction.

For explanation generation, topic-level models typically rely on the match between
user and item topic distributions, or on top words from the top-ranked topics. Al-
though McAuley and Leskovec (2013) used topic information to interpret the semantic
meaning of latent factors, the explanation was primarily attached to individual user
or item factors rather than constructed specifically for a particular user-item recom-
mendation pair. It therefore helped interpret what latent dimensions represented, but
did not directly explain why a particular item was recommended to a particular user.

“Some topic-level methods refer to their latent topics as "aspects". In this thesis, the distinction is
based on the type of representation produced: topic-level methods infer latent topic distributions from
review text, whereas aspect-level methods represent identifiable item characteristics mentioned or im-
plied in reviews, often together with associated opinions or sentiment. We therefore categorise methods
based on latent topic distributions as topic-level even when the original authors use the term "aspect”.

5An ID embedding is a trainable vector representation associated with a discrete user or item identi-
fier, typically implemented through an embedding lookup table.
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Hou et al. (2019) presented a radar chart as a visual explanation, where each axis corre-
sponds to a topic (e.g., room and location), and both user preferences and item qualities
are plotted. The similarity in shape between the two profiles serves as an intuitive jus-
tification for the recommendation. Unlike most topic-level models, which provides
explanations in the form of topics or keywords, Sun et al. (2021) generated review-like
explanatory sentences through a Gated Recurrent Unit (GRU) structure, making its
explanation mechanism closer to review-level methods.

Although topic-level models can improve transparency, their explanations rely on
manually assigned topic names, which are typically derived by summarising the key-
words associated with each topic. This process is inherently subjective and may vary
across annotators. Moreover, the number of topics must be carefully controlled to
maintain explainability. A large number of topics makes manual annotation costly and
impractical, whereas too few topics may lead to overly coarse representations, result-
ing in semantic overlap and limited discriminative power between topics. As a conse-
quence, the quality and granularity of explanations provided by topic-level models are
highly sensitive to the choice of topic number. To produce explanations that are less de-
pendent on manual annotation and more closely aligned with how users express their
own preferences in natural language, some studies have explored alternative ways of

leveraging reviews, such as review-level and aspect-level methods.

Review-Level Models

In review-level models, each review is typically represented as a sequence of word
embeddings. These embeddings can be obtained in several ways: (1) learning a task-
specific embedding matrix during training from one-hot inputs (Seo et al., 2017); (2)
pretraining word2vec (Mikolov et al., 2013) or GloVe (Pennington et al., 2014) embed-
dings on the in-domain corpus (Catherine and Cohen, 2017); or (3) directly adopting
fixed embeddings pretrained on large external corpora (e.g., Google News (Mikolov
etal., 2013)) (Zheng et al., 2017). The first approach learns embeddings jointly with the
recommendation task, whereas the latter two typically use fixed, non-trainable embed-
dings.

After obtaining word embeddings, a user’s or an item’s historical reviews are ei-
ther concatenated into a single document and processed jointly, or encoded individu-
ally and subsequently aggregated to form review representations. For example, Deep-
CoNN (Zheng et al., 2017) constructs user and item representations solely from textual

reviews, without relying on ID embeddings. It concatenates all reviews for each user
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and item into a single document, represents the document as a word embedding ten-
sor, and applies a CNN to extract high-level semantic features. The resulting user and
item representations are then combined through a shared layer for rating prediction.
However, Catherine and Cohen (2017) observed that DeepCoNN'’s strong performance
largely arises from exploiting the target review, which is unavailable at test time. To
address this issue, they proposed TransNets, which approximates the latent represen-
tation of the target review via a CNN-based transformation network. An extended
variant, TransNet-Ext, further incorporates ID embeddings to improve predictive per-
formance.

Similarly, D-Attn (Seo et al., 2017) derives user and item representations solely
from reviews using a dual attention mechanism, with local attention emphasising key
phrases and global attention capturing overall semantics, before feeding the resulting
representations into CNNss for rating prediction. NARRE (Chen et al., 2018) encodes
each review using a CNN and aggregates them via an attention mechanism that as-
signs higher weights to more informative reviews. It further incorporates ID embed-
dings, which are combined with review embeddings for rating prediction. DualPC
(Sun et al., 2020) adopts a dual-task framework, in which one task predicts ratings us-
ing ID embeddings and review embeddings, while the other reconstructs personalised
reviews from ID embeddings and ratings through a Long Short-Term Memory (LSTM),
thereby enforcing consistency between rating prediction and review generation.

These models benefit from the ability of neural networks to extract deep semantic
representations from textual reviews, which contributes to improved recommendation
accuracy. However, they also risk introducing irrelevant or redundant information, as
full-length reviews often contain details that are not essential for effective recommen-
dation.

In terms of explainability, some review-level models generate predicted reviews
or highlight existing reviews that are most indicative of the recommendation outcome.
DualPC (Sun et al., 2020) provides personalised explanations by generating review text
for the recommended item, guided by the alignment between rating prediction and
review generation. TransNets (Catherine and Cohen, 2017), although not explicitly
designed for explanation, identifies existing item reviews that are most similar to the
predicted latent representation of the target review. Likewise, NARRE (Chen et al.,
2018) leverages attention weights to highlight the most informative reviews associated
with the recommended item, thereby helping users understand the recommendation

rationale. D-Attn (Seo et al., 2017) offers word-level interpretability by visualising local
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and global attention distributions; however, it does not produce explicit explanations
for unseen items at recommendation time, as its attention mechanisms primarily serve
to interpret rating predictions rather than to justify recommendations.

Compared with topic-level explanations, which typically rely on keywords or man-
ually summarised topics, review-level explanations provide complete, human-readable
sentences in natural language, making them easier for users to understand and poten-
tially more persuasive. Nevertheless, presenting full reviews, whether generated or
retrieved, may not always be practical or user-friendly, particularly when reviews are
long or contain redundant information. As a result, review-level explanations can be-

come overwhelming or insufficiently focused in certain scenarios.

Aspect-Level Models

Aspect-level methods transform textual reviews into structured information about spe-
cific item characteristics and users” evaluations of those characteristics. This requires
an additional preprocessing stage, commonly framed as Aspect-Based Sentiment Anal-
ysis (ABSA). ABSA identifies aspects and their associated opinions or sentiment polar-
ities, and aspects may either be explicitly expressed in the text or inferred from context
(Hua et al., 2024). Earlier recommendation studies commonly relied on specialised
sentiment-analysis pipelines such as Sentires®, while more recent ABSA research has
also investigated transformer-based and generative language-model approaches (Hua
et al., 2024). In this thesis, the structured information consists of an aspect and its asso-
ciated sentiment polarity. After extraction, these signals can be aggregated or encoded
to form fine-grained user and item representations.

A common formulation aggregates aspect-level information into a user-aspect at-
tention matrix and an item-aspect quality matrix. The former quantifies how strongly
each user attends to individual aspects, typically using the frequency with which those
aspects are mentioned in the user’s reviews. The latter quantifies how an item is eval-
uated on each aspect by combining aspect frequency with the sentiment expressed
towards that aspect. EFM (Zhang et al., 2014a) factorised these matrices to learn ex-
plicit user, item, and aspect factors. The resulting explicit user and item factors were
then combined with latent factors learned from user/item IDs within a unified matrix-
factorisation framework for rating prediction. This design preserved two complemen-

tary sources of information: fine-grained, human-interpretable aspect information was

®https://github.com/evison/Sentires
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modelled through the explicit factors, while latent collaborative information was cap-
tured separately through ID embeddings before the two were combined for rating pre-
diction.

MTER (Wang et al., 2018) extended aspect-sentiment modelling by additionally in-
corporating opinion phrases extracted from reviews. It constructed three 3-dimensional
tensors: a user-item-aspect tensor capturing aspect-level user preferences over items,
a user-aspect-opinion tensor, and an item-aspect-opinion tensor. Joint tensor factorisa-
tion was then used to learn shared representations of users, items, aspects, and opin-
ion phrases. This enabled recommendation and explanation to be learned within the
same multi-task framework and allowed explanations to contain more detailed aspect-
opinion information rather than aspects alone.

Some aspect-level models further incorporated semantic relationships among as-
pects to reduce the effect of sparse or overlapping aspect expressions. DEAML (Gao et
al., 2019), for example, organised aspects into a hierarchical semantic structure, where
tine-grained concepts could be grouped under broader parent concepts. User-aspect
attention and item-aspect quality representations were constructed at different levels
of this hierarchy following the general formulation of EFM (Zhang et al., 2014a). The
representations learned at different semantic levels were then integrated through an
attentive multi-view framework. This allowed the model to combine fine-grained and
broader semantic information rather than treating every extracted aspect as an unre-
lated feature.

AARM (Guan et al., 2019) also incorporated semantic aspect representations, but it
focused on aspect information without explicitly modelling the corresponding opinion
terms or sentiment polarities. To alleviate the sparsity caused by exact aspect matching,
AARM modelled interactions between all aspects associated with a user and all aspects
associated with a target item, allowing semantically related aspects to interact even
when their surface forms differed. Attention mechanisms were used to emphasise
informative aspect interactions and to construct preference information conditioned
on the target item. Consequently, the aspects emphasised for the same user could vary
across candidate items.

A2CF (Chen et al., 2020b) replaced the linear matrix-factorisation formulation with
residual feed-forward networks to model the observed values in the user-aspect at-
tention and item-aspect quality matrices. In addition to learning user and item rep-
resentations from these matrices, A2CF explicitly incorporated aspect representations

into preference prediction. Aspect-level contributions were weighted according to the
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user’s modelled attention to each aspect and the item’s modelled quality on that as-
pect, allowing the final prediction to reflect fine-grained compatibility between user
preferences and item characteristics.

HDE (Luo et al., 2019) combined review-level and aspect-level information. User
and item reviews were encoded into semantic review representations, while decoder
networks were trained to reconstruct the corresponding user-aspect attention and item-
aspect quality vectors. The aspect-level vectors therefore acted as supervisory signals
for learning review representations. HDE also incorporated collaborative neighbour-
hood information by aggregating ID embeddings of interacted items or users through
attention. Its final user and item representations thus combined review semantics,
aspect-level supervision, and neighbourhood information for rating prediction.

In terms of explanation, aspect-level models naturally yield more targeted justifi-
cations by explicitly linking users” aspect-level preferences to an item’s performance.
EFM (Zhang et al., 2014a) identifies the aspects a user values (via the learned user-
aspect attention matrix) and assesses the item’s performance on those aspects (via the
learned item-aspect quality matrix). For a recommended item, it selects the highest-
performing aspect among those valued by the user as the explanation; for a disrec-
ommended item, it selects the lowest-performing one. A2CF (Chen et al., 2020b) also
generates personalised explanations based on the learned attention and quality ma-
trices by aligning the user’s preferences with the aspect-level differences between the
recommended substitute and the original item; the top-ranked aspects are then used
to compose the final explanation. HDE (Luo et al., 2019) determines the top aspects
a user values and those on which an item performs well, using the learned attention
and quality vectors. The intersection of these sets is then used to produce aspect-level
explanations. Additionally, HDE visualises user and item profiles as aspect clouds, al-
lowing users to intuitively assess how well an item matches their preferences. MTER
(Wang et al., 2018) first identifies the top aspects a user values for a recommended item,
based on predicted user-item-aspect affinities. For each selected aspect, it retrieves the
top opinion phrases by combining user-aspect-opinion and item-aspect-opinion affini-
ties. These aspect-opinion pairs form the basis for fine-grained, personalised explana-
tions. DEAML (Gao et al., 2019) explains recommendations by identifying matched
aspects across different semantic levels in the aspect hierarchy, highlighting those that
the user values and the item performs well on, based on attention-guided representa-
tions. Although AARM (Guan et al., 2019) does not generate explicit recommendation

explanations, it enhances interpretability through attention mechanisms that highlight
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influential aspect interactions. These can be analysed to understand the reasoning be-
hind the model’s outputs.

Aspect-based explanations provide a fine-grained way to relate a recommendation
to identifiable item characteristics. Unlike full-review explanations, they can present
a small number of structured attributes, and unlike latent-factor explanations, the se-
lected aspects have direct semantic meanings. Their usefulness depends on whether
the predicted aspects accurately reflect the user’s preferences and the item’s character-
istics and, ultimately, on how users perceive the resulting explanation. This distinction
between automatic aspect-prediction quality and user-perceived explanation quality is
important for the evaluation adopted later in this thesis.

Structured aspect-level information also appears in practical e-commerce interfaces.
For example, Tmall has employed a review-tag function that summarises frequently
mentioned product features together with their associated evaluations and frequen-
cies, allowing consumers to inspect recurring opinions without reading all individual
reviews (Bao et al., 2021). Although these review tags summarise collective product
teedback rather than explain a personalised recommendation, they illustrate how con-
cise, structured information about product characteristics can support users in evalu-

ating items.

1.3 Research Problem and Challenges

This thesis addresses how to learn user and item representations from heterogeneous
feedback to support accurate and explainable recommendation. Two related issues
arise: preserving the distinct information carried by different feedback types and al-
lowing representations to vary with the user-item interaction being modelled. Implicit
interactions record users” behaviour towards items, explicit ratings provide evalua-
tive preference information, and textual reviews provide fine-grained reasons for those
evaluations. Modern representation learning methods can combine these sources of in-
formation, but combining them alone does not determine how their different semantics
should be preserved or how the most relevant information should be reflected in a par-
ticular interaction. This thesis therefore focuses on two related representation learning
challenges.

C1 Preserving and connecting feedback-specific representations when learning
from implicit and explicit feedback.
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C2

Implicit interactions and explicit ratings provide complementary but different in-
formation. Earlier unified recommendation methods demonstrated that combin-
ing them could improve recommendation performance (Liu et al., 2010; Jadidine-
jad et al., 2019), but existing approaches differ substantially in whether the two
feedback types share representations, are transformed into one another, or re-
main separately represented. Recent multi-behaviour recommendation research
has similarly shown the importance of preserving behaviour-specific structures
while modelling dependencies across feedback types (Zhao et al., 2024a; Kim
et al., 2026). Much of this literature, however, focuses on multiple implicit be-
haviours such as views, clicks, add-to-cart actions, and purchases, often using

auxiliary behaviours to improve prediction of a designated target behaviour.

The problem addressed in this thesis is more specific: how to maintain distinct
representations for implicit behavioural information and explicit evaluative in-
formation while allowing useful information to transfer between them, and how
to use the resulting representations for two corresponding objectives, item rank-
ing and rating prediction. This requires a representation mechanism that pre-

serves feedback-specific semantics while modelling their interdependence.

Learning interaction-dependent user and item representations for accurate and
aspect-level explainable recommendation.

A second problem concerns the assumption that one fixed representation of a
user or item is appropriate across all interaction counterparts. Target-aware rec-
ommendation research has shown that different parts of a user’s history can be-
come relevant for different candidate items (He et al., 2018b; Cao et al., 2023; Kim
et al., 2024), and broader context-aware recommendation research continues to
investigate how contextual information should be represented and incorporated
into recommendation models (Mateos and Bellogin, 2024). These developments
mean that interaction-dependent representation itself should not be treated as a
new general concept.

The specific challenge investigated in this thesis is how to construct both an
item-dependent user representation and a user-dependent item representation
in an aspect-level recommendation setting. Numerical ratings, textual reviews,
and collaborative neighbourhoods provide different information about an inter-
action. The representation learning problem is therefore how to combine general

collaborative information with fine-grained aspect-sentiment information so that
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the representation of each entity reflects its current counterpart and can support

both rating prediction and positive-aspect prediction.

1.4 Research Questions

The research problem identified in Section 1.3 concerns how user and item representa-
tions can preserve information that varies across feedback types and across interaction
counterparts. This leads to the overarching research question of this thesis: How can
user and item representations be learned from heterogeneous feedback to account
for differences across feedback types and user-item interactions while supporting
accurate and aspect-level explainable recommendation?

This overarching question was investigated through two research questions corre-

sponding to the two challenges identified above:

RQ1 How can implicit and explicit feedback be integrated to learn user and item
representations that preserve feedback-specific information and support both

item ranking and rating prediction?

RQ1 addressed Challenge C1 by investigating how feedback-specific user and
item representations could be preserved while allowing information to be ex-
changed through collaborative neighbourhoods. Chapter 3 addressed this ques-
tion through Interdependent Embedding Learning (IEL), which constructed sep-
arate implicit and explicit feedback graphs and connected their feedback-specific

representations through intra-graph and inter-graph message passing.

RQ2 How can user and item representations be conditioned on each other to sup-

port both rating prediction and aspect-level recommendation explanation?

RQ2 addressed Challenge C2 by investigating how user and item representa-
tions could be conditioned on each other for a target interaction. Chapter 4 ad-
dressed this question through Dynamic” Representation Learning (DRL), which
combined general collaborative representations with aspect-sentiment informa-
tion to construct item-dependent user representations and user-dependent item

representations for rating and positive-aspect prediction.

"Throughout this thesis, the term "dynamic" refers to interaction-dependent meaning rather than
temporal preference evolution.
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1.5 Research Methodology

This thesis investigated the two research questions through two empirical modelling
studies organised under a common polymorphic representation learning perspective.
In this thesis, polymorphic representation learning refers to the idea that the same user
or item need not be represented by one invariant vector. Instead, its representation may
differ according to the feedback type being modelled or the interaction counterpart for
which a prediction is made. This perspective provides a common interpretation of the

two studies rather than constituting a separate recommendation algorithm.

1. Interdependent Embedding Learning (IEL): feedback-dependent representa-
tions.

Chapter 3 investigated RQ1 using IEL. Separate user and item representations
were learned for implicit and explicit feedback. Two corresponding user-item
graphs were constructed, and GCN-based message passing was performed both
within the feedback-specific graphs and through selected cross-feedback path-
ways. This allowed the implicit and explicit representations to remain distinct
while exchanging collaborative information. IEL was evaluated for both item

ranking and rating prediction.

2. Dynamic Representation Learning (DRL): interaction-dependent representa-

tions.

Chapter 4 investigated RQ2 using DRL. A rating-based GNN first learned gen-
eral collaborative representations of users and items. For a target user-item pair,
the dynamic representation layer used the other entity’s general representation
to attend to the entity’s own general representation and review-derived aspect-
sentiment information, producing interaction-dependent user and item represen-
tations. The resulting representations were evaluated for rating prediction and

positive-aspect prediction.

For the DRL study, a prompt-based LLM procedure was employed to construct the
aspect-sentiment data from textual reviews. This procedure was adopted following a
preliminary analysis using Sentires, which revealed practical limitations for the down-
stream aspect-level modelling setting considered in this study. The specific model and
API implementation are described in Chapter 4.

Both studies were evaluated through offline experiments on public Amazon re-

view datasets. Recommendation performance was measured using task-appropriate
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metrics, including NDCG for ranking and MSE/MAE for rating prediction. DRL’s
aspect-level outputs were evaluated using Hit@N, Recall@N and Precision@N, and ab-
lation studies were conducted to examine the contribution of individual architectural
components. These aspect-prediction metrics provided an operational evaluation of

explanation rather than a direct measurement of user-perceived explanation quality.

1.6 Research Contributions
The main contributions of this thesis are as follows:

1. A unifying polymorphic representation perspective.

This thesis formulated two forms of representation variation within a common
perspective: feedback-dependent representation, in which the same user or item
was represented differently under implicit and explicit feedback, and interaction-
dependent representation, in which the representation of a user or item depended
on the current interacting counterpart. This perspective connected the two em-
pirical studies without assuming that heterogeneous feedback or interaction con-

texts should be compressed into a single invariant representation.

2. Interdependent representation learning from implicit and explicit feedback.

IEL maintained separate user and item representations for implicit and explicit
feedback and connected selected feedback-specific representations through GCN-
based intra-graph and inter-graph message passing. This study investigated how
collaborative neighbourhood information could connect behavioural and evalua-
tive representations while jointly supporting item ranking and rating prediction.
The experimental results showed improvements relative to the compared unified

recommendation baselines, with substantially stronger benefits for ranking.

3. Interaction-dependent representation learning for aspect-level recommenda-

tion.

DRL combined general collaborative representations with aspect-sentiment in-
formation to construct an item-dependent user representation and a user-dependent
item representation. The model improved rating prediction and positive-aspect
prediction relative to the compared baselines across the evaluated datasets. The

ablation analysis also identified limitations of individual components, including
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the inconsistent contribution of semantic aspect embeddings across prediction

objectives.

4. LLM-processed aspect-sentiment data for recommendation research.

This thesis constructed three derived Amazon review datasets containing struc-
tured aspect-sentiment information produced through a prompt-based LLM ex-
traction procedure. These datasets supported the aspect-level representation learn-
ing and evaluation conducted in Chapter 4 and provide a resource for further

research on aspect-level and explainable recommendation.

1.7 Thesis Outline

The remainder of this thesis is structured as follows:

* Chapter 2: Literature Review. Reviews the foundations of recommender sys-
tems, representation-learning methods, learning from heterogeneous feedback,

review-based recommendation, and explainable recommendation.

¢ Chapter 3: Interdependent Embedding Learning (IEL). Investigates RQ1 and
presents the GCN-based framework for learning distinct yet interdependent rep-
resentations from implicit and explicit feedback for ranking and rating predic-

tion.

¢ Chapter 4: Dynamic Representation Learning (DRL). Investigates RQ2 and presents
the interaction-dependent aspect-level recommendation framework, including
the construction of aspect-sentiment data, the rating-based GNN, the dynamic
representation mechanism, and the evaluation of rating and positive-aspect pre-

diction.

¢ Chapter 5: Discussion. Synthesises the findings of IEL and DRL, relates them
to the overarching polymorphic representation perspective, discusses the signif-
icance and broader impact of the thesis, and identifies limitations and directions

for future research.

¢ Chapter 6: Conclusions. Summarises the principal findings and contributions of
the thesis.
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Overall, this thesis investigated how user and item representations could preserve
information that varies across feedback types and interaction counterparts. Through
IEL and DRL, it examined feedback-dependent and interaction-dependent representa-
tion learning as two complementary approaches to modelling heterogeneous feedback

for accurate and aspect-level explainable recommendation.
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Chapter 2
Literature Review

Modern collaborative filtering (CF) research can be viewed as addressing two closely
related problems: how users and items are represented and how the resulting represen-
tations are combined to estimate preference (Wu et al., 2023). Representation learning
constructs representations that encode information about user preferences and item
characteristics from interaction data and, where available, auxiliary information. In-
teraction modelling then determines how these representations are combined to pro-
duce ranking or rating predictions. This thesis focuses primarily on the representation-
learning problem, particularly when the available feedback contains heterogeneous or
interaction-dependent information.

Predictive accuracy has historically been a major objective of recommender sys-
tems, but explainability has also become an important research concern (Zhang and
Chen, 2020). Explanations may serve different purposes rather than representing a sin-
gle measurable property. Tintarev (2007), for example, identified seven potential aims:
transparency, scrutability, trustworthiness, effectiveness, persuasiveness, efficiency, and sat-
isfaction. These aims describe different ways in which explanations may support users
and system designers, but their effects depend on the explanation design, user char-
acteristics, and evaluation setting (Wardatzky et al., 2025). Table 2.1 summarises these
aims.

Textual reviews provide an additional source of information for user and item
representation learning because they contain descriptions of item characteristics, user
opinions, and the reasons associated with overall evaluations. Review-based recom-
mender systems incorporate such textual information in different ways, including learn-
ing representations from complete reviews, extracting latent topics, and modelling
fine-grained aspects and sentiment (Hasan et al., 2025). These representations can
complement ratings or binary interactions and can also provide human-readable in-

formation that may be used for recommendation explanations.
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TABLE 2.1: Aims of explanations in recommender systems (adapted from

Tintarev (2007)).
Aim Definition
Transparency Explain how the system works
Scrutability Allow users to tell the system it is wrong
Trustworthiness Increase users’ confidence in the system
Effectiveness Help users make good decisions
Persuasiveness =~ Convince users to try or buy
Efficiency Help users make decisions faster
Satisfaction Increase the ease of usability or enjoyment

Among review-based approaches, aspect-level models focus on specific item char-
acteristics and users’ evaluations of those characteristics (Zhang et al., 2014a; Gao et al.,
2019; Chen et al., 2020b). In Aspect-Based Sentiment Analysis (ABSA), aspects may be
explicitly expressed as words or phrases in the review or inferred from the surround-
ing context (Hua et al., 2024). Aspect and sentiment information can subsequently be
aggregated into fine-grained user and item representations. Because the resulting fea-
tures have identifiable semantic meanings, they can also provide structured evidence
for aspect-level explanations, although the quality of such explanations requires sepa-
rate evaluation.

Accordingly, this chapter reviews the literature along the main dimensions relevant
to the research questions of this thesis. Section 2.1 examines multiple representation
learning, first across multiple feedback types and then within a single-feedback setting.
Section 2.2 reviews target-aware and interaction-dependent representation learning,
focusing on how representations can vary according to the current interaction counter-
part. Section 2.3 then reviews aspect-level recommendation models, followed by ex-
planation methods and forms in Section 2.4 and approaches for evaluating recommen-
dation explanations in Section 2.5. Mathematical formulations are included selectively
where they help make explicit how representative methods construct user and item
representations, exchange information across feedback types, or operationalise expla-
nation evaluation; formulations that are not directly relevant to these comparisons are

omitted.
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2.1 Multiple Representation Learning

Some recommender systems learn more than one representation for the same user or
item. Multiple representations can arise because different feedback types convey dif-
ferent information about the entity, or because the same entity plays different roles
within a prediction process. This section first reviews models that maintain multiple
representations across feedback types and then considers models that learn multiple
representations within a single feedback setting.

2.1.1 Multiple Feedback

Koren (2008a) proposed a classic latent factor model, SVD++ (Singular Value Decom-
position++), which exploits both explicit and implicit feedback for rating prediction. In
SVD++, each explicit user embedding p is augmented by the averaged embeddings of
items the user has implicitly interacted with, thereby incorporating both explicit and
implicit signals into the user representation. Importantly, distinct item embeddings
are learned for different feedback types: each item is associated with two embeddings,
q and y, for explicit and implicit feedback, respectively. The prediction rule is as fol-

1
Fui = q, (p”+\/\z_§y]) (2.1)

lows™:
where Z,, is the set of items with which user u has interacted implicitly. Compared
to traditional SVD (Paterek, 2007), which does not incorporate the implicit feedback
term in Equation 2.1 (i.e., #,; = q pu), SVD++ achieved significantly higher accuracy
in rating prediction, largely due to the inclusion of implicit feedback.

Notably, Koren (2008a) also proposed an Asymmetric-SVD model:

1
Pui =g | —— X+ —— , (2.2)
w (\/—mun;m S \/ Zz”)

where R, denotes the set of items rated by user u, and x; represents item j’s embed-
ding for modelling user representation based on explicit feedback, weighted by rating
ruj- That is, the explicit user embedding p is replaced by the aggregation of the em-

beddings of their previously rated items. However, experiments showed that SVD++

IFor clarity, we omit the bias terms (e.g., user bias by, item bias b;, and the global bias y) from the
original formulation, as well as in some of the subsequent models.
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outperformed Asymmetric-SVD, suggesting the value of having a free user embedding
in the rating prediction task.

Chen and Peng (2018) proposed a model referred to as PMF+P+N (Probabilistic
Matrix Factorisation with Positive and Negative implicit feedback), where each item is
associated with two embeddings (z and v) learned from implicit and explicit feedback,
respectively. The user embedding u is shared across both types of feedback. Prediction
is based on the inner product between user and item embeddings: u'z for implicit
feedback and u ' v for explicit feedback. PMF+P+N supports dual-task learning and
defines the loss function? as a combination of a pairwise log-likelihood loss (for rank-
ing) and a squared error (for rating), controlled by a weight parameter® a:

L=—a| Y ln0<uiTzk>—|— ) ln<1—w-a(u,-Tzk>>

(ik)eP (ik)EN (2.3)
2
P 5 (o (o) )
(i,j)eR

Here, P represents the set of observed implicit interactions, while A/ denotes the set of
negative instances, which may either include all or be sampled from the unobserved
interactions. The hyperparameter w € [0, 1] is used to scale the relative importance of
the negative samples. The sigmoid function o (x) is used to bound predictions:

1
o(x) = TTexp(—1)’ (2.4)
Chen and Peng (2018) reported that PMF+P+N outperformed the compared single-task
models in both ranking and rating prediction. The reported experiments, however, did
not isolate the contribution of the separate item embeddings from that of joint task op-
timisation, because no ablation retained the feedback-specific item embeddings while
removing one of the two learning objectives. The highest rating prediction accuracy
was obtained when « was between 0 and 1, providing evidence that incorporating the
ranking objective benefited rating prediction under this model. The authors did not
report a corresponding analysis of how varying a affected ranking performance. They

also reported that their negative-sampling strategy did not improve rating prediction.

2For ease of exposition, regularisation terms are omitted here and in the subsequent loss functions.

3To present in a clearer and more concise manner, we slightly reformulate the expression of task
weighting in the loss function. This reformulation remains semantically equivalent to the original for-
mulation.
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Mandal and Maiti (2020) proposed the GPMF (Generalised Probabilistic Matrix
Factorisation) model, which leverages multiple explicit and implicit feedback signals
to enhance user embedding quality. In GPMEF, item embeddings are learned separately
under different types of feedback. While distinct user embeddings are also learned
for each feedback type, these embeddings are regularised to remain close to the user
embedding learned from explicit ratings, which acts as an anchor. Formally, let R de-
note the set of rating interactions, and D, represent the set of additional feedback (e.g.,
thumbs up/down or clicks), where x € {1,...,1} indexes the I alternative feedback

types. The overall loss function of GPMF is defined as:

L= ) ((7 (uiTv]) — rl-j>2

(Lj)eR

l : ) " ) (2.5)
3 A X (e (phide) — i)+ A X N = pedll3 |
x=1 ( j=

i,j)€Dx i=1

where p,; and g, ; are the user and item embeddings learned from the x-th feedback
type Dy, respectively, and u; is the user embedding from the rating data. The squared
L2 norm term enforces proximity between p, ; and u;. Hyperparameters A, and A, x
control the relative importance of the reconstruction and regularisation terms for each
feedback type.

In Mandal and Maiti (2020)’s work, they used the predicted ratings ¢ (uiTv]-) to
evaluate both rating prediction and ranking performance. They instantiated GPMF
with one type of explicit feedback (a reliability score*) and one type of implicit feed-
back (views), and referred to this variant as PMFEIL The corresponding loss function is
defined as:

Lp = Z <0’ (uiTv]) — ri]-)z

(i,j)eR
2 m
+Ar Y (U (pg,,-qg,j> - dE,ij) +Aue Y llui — peil; (2.6)
(i,j)eDg i=1
2 m
+Aa Y (a <qu1’j> —d;lij> + At Y N — prills-
(i,j)€Dy i=1

Mandal and Maiti (2020) introduced two simplified variants: PMFE and PMFI, which

“Interested readers are referred to the original paper for more details.
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include only explicit and implicit feedback, respectively, by removing the correspond-
ing terms from Equation 2.6. They reported that PMFEI outperformed both PMFE and
PMFI on the evaluated rating prediction and ranking tasks. Within their experimen-
tal setting, PMFE also outperformed PMFI, indicating that the explicit auxiliary signal
used in PMFE provided more useful information than the implicit view signal used in
PMEFI for these datasets. PMFEI also outperformed PMF+P+N (Chen and Peng, 2018).

From a modelling perspective, GPMF learned distinct user and item embeddings
for different feedback types while regularising the user embeddings towards the repre-
sentation learned from ratings. This introduced a soft relationship between the feedback-
specific representation spaces. Compared with PMF+P+N, the design allowed greater
representational flexibility, although it also introduced additional feedback-specific pa-
rameters.

Hadash et al. (2018) also introduced a dual-task framework named RnR (Rank and
Rate), which simulates a user’s two-phase decision-making: first deciding whether
to interact with an item (ranking) and then rating it (rating prediction). RnR assigns
different embeddings to users and items across these phases. Specifically, the item
embedding gq; is adjusted by a deviation vector qfl, and both the user and item embed-
dings are passed through a fully connected layer with a non-linear activation function

to produce post-consumption embeddings p}, and g7'. The total loss is defined as:

'C = - 'Crank (frankr R, Pu, ql) + (1 - 0‘) : ['rating (frating/ RI Pgr qu> ’

2.7)
whete pL=f(pu), a7 = f(3:+47).

with f(-) defined as:
F(x) = ¢ (Wa+b), 29

where ¢(-) is an activation function. Since RnR is a general framework, any rank-
ing/rating model can be used as frank and frating- For example, they implemented BPR
(Rendle et al., 2009) and SVD (Paterek, 2007), leading to the following composite loss:

L= Y <_“'ln‘7<PJ‘7i_PIqj) +(1—a)- ((p{f)qu—rui)Z) (2.9)
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They compared RnR with a vanilla variant that employs shared embeddings across

both implicit and explicit feedback:

L= Y (—tx ‘Ino (qui — plq]’) +(1—a)- (plqi - rui)z) (2.10)
(u,ij)eR

Hadash et al. (2018) reported only ranking results and therefore did not evaluate whether
RnR also improved rating prediction. RnR achieved higher ranking performance than
the vanilla variant that shared representations across the two objectives, providing evi-
dence in their experimental setting for maintaining different pre- and post-consumption
representations. Both RnR and the vanilla multi-task variant also outperformed the
corresponding single-task models in ranking, indicating that the auxiliary rating ob-
jective contributed useful information to the ranking task. These experiments did not,
however, establish whether the reverse relationship also held for rating prediction.
Since these earlier implicit-explicit models, research on learning from multiple forms
of user behaviour has expanded considerably. Multi-behaviour recommender systems
commonly preserve behaviour-specific information from actions such as views, clicks,
add-to-cart events, and purchases while learning dependencies or transferring infor-
mation across behaviour types (Kim et al., 2026). Recent graph-based approaches sim-
ilarly construct behaviour-specific interaction structures and model cross-behaviour
dependencies. This literature reinforces the broader motivation for maintaining het-
erogeneous feedback information rather than collapsing all signals into one represen-
tation. However, most multi-behaviour settings differ from the implicit-explicit set-
ting considered in this thesis because they primarily use multiple implicit behaviours
to improve prediction of a designated target behaviour, rather than jointly modelling
behavioural interactions and numerical ratings for both ranking and rating prediction.

2.1.2 Single Feedback

Some methods have also assigned multiple representations to users or items, but only
under a single type of feedback. Approaches that learn dual representations for items
are often rooted in item-based CF, where a user’s rating for a target item is predicted
based on their past ratings on similar items.

Several models adopt a common design in which each item has two embeddings:
one is used when the item is the prediction target, while the other is used when the item
contributes to the representation of a user who previously interacted with it. Under
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this formulation, a user representation is constructed by aggregating embeddings of
items in the user’s interaction history. The models mainly differ in the aggregation
operation, such as generalised pooling (Paterek, 2007; Kabbur et al., 2013) or attention
(He et al., 2018b; Xue et al., 2019), and in the interaction function applied after the user
and target-item representations are constructed (Kabbur et al., 2013; He et al., 2018b;
Xue et al., 2019).

Paterek (2007) proposed NSVD1, a model designed for the rating prediction task
using explicit feedback. In NSVD1, each item is assigned two embeddings, p and g: p
is used as the target item embedding, and g is utilised for constructing user represen-

tations. Formally, its predictive function is defined as:

Gi=p | ——— ¥ g
1 7
VIR +1] jery

where R;| denotes the set of historical items rated by user u. In the same study, the

2.11)

authors proposed another model, NSVD2, which constructs the user representation
using the same embedding set as the target items, instead of introducing an additional

embedding set:

i=ri | X pi)- (2.12)
jERL

Compared with NSVD1, NSVD2 uses the same item embedding set for both target-
item prediction and user representation construction, reducing the number of item
parameters from O(2NK) to O(NK). Paterek (2007) reported that NSVD1 achieved
higher rating prediction accuracy than NSVD?2 in their experiments, indicating that

the additional role-specific item representation was beneficial in that setting.
Another influential model is the FISM (Factored Item Similarity Model) (Kabbur
et al., 2013), which focuses on implicit feedback for the top-N recommendation task.
In contrast to NSVD1, FISM explicitly excludes the target item i from the aggregation

of historical items, R} \ {i}, to avoid trivial self-similarity:

1

~ T

=0 | 5 L 4] (2.13)
R =1 jerian

where o € [0,1] is a hyperparameter interpolating between sum and average pooling.
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Kabbur et al. (2013) reported that excluding the target item had relatively little effect at
smaller embedding dimensions but produced clearer improvements at larger dimen-
sions, supporting their decision to remove the target item from the user’s aggregated
representation.

Extending upon this approach, the NAIS (Neural Attentive Item Similarity) model
(He et al., 2018b) also targets implicit feedback for top-N recommendation. Instead of
generalised pooling, NAIS employs an attention mechanism to weight historical items
differently according to their similarity to the target item:

di=ri | L aa |, (2.14)
JERT\{i}

where 4;; denotes the attention weight measuring item j’s contribution to user u’s rep-
resentation for the target item i. Experiments demonstrated that NAIS achieved higher
accuracy compared to FISM, validating the effectiveness of attention-based represen-
tations.

Building upon NAIS, the DeepICF (Deep Item-based Collaborative Filtering) model
(Xue et al., 2019) adopts a similar user representation design but replaces the simple in-
ner product interaction with a Multi-Layer Perceptron (MLP) to model more complex
user-item interactions. Its formulation is:

ei= ), aj(pi©aq;),
JeRT\{i} (2.15)

e = ReLU (W ReLU (W_1---ReLU (Wye,; +by)---+br_1)+br),

where the resulting vector e,; is transformed through an L-layer MLP to obtain the
final embedding er. The interaction score 7j,,; is then computed by:

Jui =z er, (2.16)

with z being a learned parameter vector. Although DeepICF was shown to outper-
form FISM significantly, the authors did not explicitly compare its performance against
NAIS, despite their methodological similarity.
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2.2 Target-Aware and Interaction-Dependent Represen-

tation Learning

A fixed user or item embedding assumes that the same representation is equally suit-
able for every prediction target. Attention-based aggregation provides one way to
relax this assumption by allowing different information to contribute to the represen-
tation with different weights. Of particular relevance to this thesis are target-aware
approaches, in which representation construction depends on the current candidate
item. The same user can therefore have different representations for different recom-
mendation targets. This established line of work provides the closest conceptual back-
ground for the interaction-dependent representations investigated in Chapter 4. The
term "dynamic" in DRL should be distinguished from temporal dynamics, where rep-
resentations evolve over time.

The modern attention mechanism was initially developed in Neural Machine Trans-
lation to avoid compressing an entire input sequence into a single fixed context vec-
tor (Bahdanau et al., 2015). In its general query-key-value formulation, attention pro-
duces a weighted combination of value representations, with weights determined by
the compatibility between a query and the corresponding keys (Vaswani et al., 2017).
In recommender systems, related weighting mechanisms have been used to aggregate
neighbours, behavioural histories, reviews, and other information when constructing
user and item representations.

Not all attention-based recommendation representations are target-aware. For ex-
ample, HDE (Luo et al., 2019) learned attention weights over neighbouring items when
constructing a user representation and over neighbouring users when constructing an
item representation. The attention scores were determined by the individual neigh-

bour embeddings and learned parameters rather than by the current recommendation

target:
exp ('
uj = 2 aj-ej, o= ( ]> N\ wj = o' tanh (Weej +ba), (2.17)
jER: YyeR; €Xp (“y)
exp (B!
vj=) PBi-e, Bi= p(B) Bi = B' tanh (Wge; +bp) , (2.18)

&, " Toer, exp (i)
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where e; and e; denote the ID embeddings of user i and item j, respectively. Because
the weighting function does not depend on the candidate counterpart, the resulting
user or item representation remains unchanged across different target pairs once the
model parameters are fixed.

Target-aware recommendation instead conditions representation construction on
the current prediction target. In item-based formulations, a user’s representation can
be constructed as a weighted combination of items in the user’s interaction history,
where the contribution of each item depends on its relevance to the current candidate
item. The same user can therefore have different representations for different candi-
dates. NAIS (He et al., 2018b), DeepICF+a (Xue et al., 2019), and DIN (Zhou et al.,
2018a) are representative examples of this principle.

One representative model is NAIS (He et al., 2018b) (see Equation 2.14 for its final
prediction function), which assigns two embeddings p and g for each item. Given user
u, the set of items in the user’s interaction history j € R/, and target item i, NAIS

constructs the target-aware user embedding e, (i) as:
eu(i)= ), aiqj,
jERI i}
exp (f(pl/ q]))
'B/
[EjeRf[\{i} exp (f(l’iz%’))}

(2.19)

111']' =

where f(p;,q;) measures the similarity between item i and item j, and B € [0,1] is
a smoothing exponent introduced to reduce the penalisation of attention weights for
highly active users with long histories. NAIS offers two options for calculating simi-
larity:

¢ Concatenation method:
fconcat(Pir 6]]) = h'ReLU (W [pi/' q]} + b) ’ (2.20)
¢ Element-wise product method:

fprod(Pi/ q]') = h'ReLU (W(pi O, q]') + b) , (2.21)

where W, b, and h are learned parameters. He et al. (2018b) reported similar final

recommendation accuracy for the two attention formulations, while the element-wise
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product formulation converged faster. NAIS also outperformed FISM (Kabbur et al.,
2013) in their experiments, supporting the use of target-aware weighting rather than
uniform aggregation of items in the user’s interaction history.

Building on this design, DeepICF+a (Xue et al., 2019) used the same target-aware
user representation principle as NAIS while applying a neural interaction function.
The authors also evaluated DeepICF, a corresponding variant without the attention
mechanism. Xue et al. (2019) reported that DeepICF+a outperformed DeepICF, pro-
viding additional evidence that target-aware weighting benefited their ranking model.

As a successfully deployed model in the industrial e-commerce setting, DIN (Deep
Interest Network) (Zhou et al., 2018a) introduced a powerful mechanism for modelling
user behaviour adaptively with respect to a candidate item. The model concatenates
embeddings of various feature types, including user profile features (e.g., age level),
context features (e.g., time), user behaviour features (i.e., items in the user’s interac-
tion history), and the candidate item, and feeds this combined input through an MLP
to generate the final prediction score. For modelling user behaviour, DIN employs a
mechanism similar to NAIS and DeepICF+a, using a weighted sum over the user’s
historical item embeddings, where the weights are adaptively computed based on the
target item. Formally, given a list of embeddings of user u’s previously interacted items
with length H, denoted by {ey,ey,...,ey}, and a candidate item i, the dynamic user

representation is calculated as:

H

e(i) = flei,er,ez,...,en) =Y aleje))e;, (2.22)
j=1

where e; and e; represent item embeddings, which are themselves concatenations of
multiple identifiers (e.g., goods ID, shop ID, and category ID). The attention score
a(e;, e) is computed via a feed-forward network that estimates the relevance between

the target item and each item in the user’s interaction history:

a(e; e;) = h' PReLU(W [e; ej;z] +b),
z= Flatten(eie]-T)

(2.23)

where z is the flattened outer product of e; and e}, capturing pairwise interactions be-
tween feature dimensions. Notably, unlike conventional attention mechanisms, DIN
omits softmax normalisation in order to preserve the intensity and numerical resolu-

tion of user representations. Zhou et al. (2018a) reported that DIN outperformed the
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compared baselines, including a variant that retained the broader model architecture
but replaced the target-aware activation unit with sum pooling. This ablation provided
evidence that conditioning behavioural aggregation on the candidate item contributed
to DIN’s performance in their industrial recommendation setting.

Guan et al. (2019) proposed an AARM (Attentive Aspect-based Recommendation
Model), which constructs target-aware user representations at the aspect level. In their
framework, aspects refer to words or phrases extracted from textual reviews that de-
scribe item features. Specifically, for user u and item v, the sets of aspects mentioned
in their respective reviews are denoted by .4, and A,. Each aspect embedding is rep-
resented by a vector c. For each aspect i € A, the model first calculates its interaction

with all aspects in Aj:

hiy = Y Bii(ci O ¢)), (2.24)
jeAy

where the aspect-level attention weight f;; is defined as:

Bij =w{ (c;®c)),
Bii = eXp(,gij) (2.25)
/ ZyeAv exp(.éiy) .

Here w; represents a learned parameter vector. Since different items may have differ-
ent aspects, this formulation generates an aspect-level embedding h;, for each user’s
aspect, dynamically varying with the target item v. These embeddings are then aggre-
gated to construct the user-level dynamic embedding, where the item’s aspects serve
as the query:

Yuo = Z Xiphiy (2.26)
icAy

with the user-level attention weight a;;, computed as:
AT
fip =W, (c; © ) ¢)),
jeAy
o explan)
v Yxed, eXp(dx) '

(2.27)

where w; is another learned parameter vector. To evaluate AARM'’s effectiveness, the

authors compared it with two variants:

¢ A-Static, where the query for user-level attention uses all aspects from the user
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themselves instead of the item (i.e., replacing } jc 4, ¢;) with };c 4, ¢;) in Equation

2.27), thus constructing a static user embedding;

* No-UserAtt, which removes the user-level attention mechanism entirely, simpli-
tying Equation 2.26 to:
Yo = Y, hip. (2.28)
i€ Ay
Their experimental results showed that AARM significantly outperformed these vari-
ants, demonstrating once again the effectiveness of dynamically adjusting user repre-
sentations according to the target item.

Target-aware representation learning has subsequently been explored beyond item-
based CF and aspect-level recommendation. RTANet (Cao et al., 2023) constructed user
embeddings whose neighbour aggregation weights depended explicitly on the recom-
mendation target. MONET (Kim et al., 2024) introduced target-aware attention into
multimedia recommendation, using the multi-modal features of the candidate item to
identify information in previously interacted items that was particularly relevant to
that target. More broadly, recent context-aware recommendation research continues to
investigate how contextual information can be incorporated into user and item repre-
sentations and prediction functions (Mateos and Bellogin, 2024). These developments
show that target-aware representation is an established and continuing research direc-
tion rather than a concept introduced by this thesis.

Taken together, these studies show that representation construction can benefit
from conditioning on the current recommendation target. The strongest evidence in
the literature reviewed here concerns target-aware user representations, where differ-
ent parts of a user’s behavioural history or aspect information are emphasised for dif-
ferent candidate items. Target-aware representation itself is therefore not the research
gap addressed by this thesis.

The problem investigated in Chapter 4 is narrower. First, DRL instead considers in-
teraction dependence on both sides of the user-item interaction, constructing an item-
dependent user representation and a user-dependent item representation. Second, it
conditions these representations not only on entity-level interaction histories but also
on fine-grained aspect-sentiment information associated with review feedback. This

setting introduces a circular dependency if the complete dynamic representation of
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one entity is required to construct the representation of the other. DRL therefore sep-
arates general representations from interaction-specific information and uses the gen-
eral representation of each counterpart to guide the construction of the other entity’s

interaction-dependent representation.

2.3 Aspect-Level Recommendation Models

Aspect-level recommendation requires textual reviews to be transformed into struc-
tured information about item characteristics and users’” evaluations of those charac-
teristics. Earlier aspect-level recommender systems commonly employed specialised
sentiment-analysis pipelines such as Sentires® to extract aspect, opinion, and sentiment
information. More recent ABSA research encompasses transformer-based and gener-
ative language-model approaches and distinguishes explicitly expressed aspects from
those inferred from context (Hua et al., 2024). This section focuses on how extracted
aspect-level information is subsequently incorporated into recommendation models
rather than on the extraction algorithm itself.

LetU = {uy,up, -~ ,um}, V = {v1,02,--- ,vn}, and A = {ay,az,--- ,a,} denote
the sets of m users, n items, and p aspects, respectively. In the formulation introduced
by EFM (Zhang et al., 2014a), the extracted aspect and sentiment information is aggre-
gated into a user-aspect attention matrix X € R"*? and an item-aspect quality matrix
Y € R"™P.

The element Xj; in X reflects the degree to which user u; cares about aspect ay,
while the element Yj, in Y measures the quality of item v; with respect to aspect a;.

The matrices are computed as follows:

0, if user u; does not mention aspect ay,
X, = ) ‘ (2.29)
1+ (N— 1)(m —1), otherwise,
0, if aspect ay, of item v; is not mentioned,

jh = N—1
1 ——

(2.30)
otherwise.

Here, t;;, denotes the frequency with which user u; mentions aspect a;, across all their
reviews, and sj, denotes the aggregated sentiment polarity towards aspect a;, across

all reviews of item v;. The values in both matrices are rescaled to fall within the range

Shttps://github.com/evison/Sentires
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[1, N], where N is the maximum allowable rating on the platform (e.g., N = 5 on
Amazon and Yelp). In this way, both users and items are represented at the aspect
level, facilitating fine-grained modelling of user preferences and item characteristics.

Based on X and Y, as well as the overall user-item rating matrix R € R"*", Zhang
et al. (2014a) proposed a hybrid matrix factorisation framework named EFM (Explicit
Factor Model) for both rating prediction and top-N recommendation tasks. Specifi-
cally, the user-aspect attention matrix X and the item-aspect quality matrix Y share a
common aspect-factor matrix A € lRiXkl, which maps the p aspects into k; explicit
latent dimensions. Accordingly, the user and item explicit factors are represented by
U; € R”* and v; € RVM.

Recognising that explicit factors may not fully explain a user’s rating behaviour, the
model also introduces additional latent factors U, € IRTXk2 and V; € lR’_isz to capture
hidden user preferences and item characteristics. Consequently, the user-factor matrix

ue sz(kﬁkﬁ and item-factor matrix V € R"” (1+%2) are constructed as:
U= W], V=[VV). (2.31)

These components are jointly optimised through the following loss function:

2

~ 2 A~ 2 N
L=|R—-R|;+AN| X=X+ A, [|[Y =Y, (2.32)

where the reconstructed matrices are defined as:
R=uv,] +wn,v,, X=wA", Y=VA". (2.33)

Here, Ay and A, are hyperparameters that regulate the contribution of aspect-based
reconstruction terms relative to the rating prediction loss.

The predicted rating for user u; on item v; is given by Rij. For top-N recommen-
dation, the model assumes that users primarily care about a subset of aspects when
deciding whether to engage with an item. Let A; = {a;, a5, ,a;} denote the k
most important aspects for user u;, i.e., those corresponding to the top k values in the

row vector X;. Then, the ranking score of item v; for user u; is computed as:

o _ . Tach Kiw Vi

5ij = N + (1 - IX) . Rij/ (2.34)
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where (1) denotes the position index of aspect a, « € [0, 1] is a trade-off parameter that
balances between the aspect-level matching score and the overall predicted rating.

Zhang et al. (2014a) reported that EFM outperformed the compared rating-prediction
baselines that did not use review information. With an appropriate number of explicit
factors k1, EFM also outperformed HFT (McAuley and Leskovec, 2013) in their exper-
iments. For top-N recommendation, the authors observed that performance declined
when the number k of user-preferred aspects became too large, indicating that includ-
ing an increasingly broad set of aspects did not continue to improve ranking quality
and could introduce less relevant aspect information.

Earlier aspect-level formulations such as EFM (Zhang et al., 2014a) modelled ex-
tracted aspects and their associated sentiment information but did not explicitly in-
corporate the corresponding opinion phrases into the learned recommendation repre-
sentations. Distinguishing, for example, between (screen, large, +1) and (screen, high-
definition, +1) can provide more detailed information about how users describe an as-
pect. To model this additional information, Wang et al. (2018) proposed a joint tensor
factorisation framework, termed MTER (Multi-Task Explainable Recommendation),
which integrates two complementary tasks: top-N recommendation and opinionated
aspect-level explanation. The primary task is modelled by a three-dimensional tensor

mXxXnX .
X e R} P over users, items, and aspects:

0, if user u; does not mention aspect a;, of item v;,
! (2.35)

Xijh - 14+ N=L_ otherwise,

T4e ifh
where s;j, denotes the aggregated sentiment polarity expressed by u; toward aspect
ay of item v; across all reviews. To unify rating and aspect modelling, the authors
introduced the overall rating as a dummy aspect, appending the rating matrix R €
R"*" to form an extended tensor X' € ]RTXHX P+ The companion task models user

and item opinion preferences via two additional tensors:
mxpX . .
ey UeR T PX0 over users, aspects, and opinion phrases, and

e Ve ]RiXp 7 over items, aspects, and opinion phrases.
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These tensors are defined as:

0, if u; does not express positive sentiment on a;, via 0y,
yu i Pressp nee (2.36)
1+ (N - 1)(1_|-Th — 1), otherwise,

. 0, if v; receives no positive mention of a;, via oy,
1+ (N - 1)( — 1), otherwise,

T4e 41’7

where t, and tj,, denote the frequency of positive sentiment expressions toward
aspect a;, using opinion phrase 0y, by user u; and toward item v;, respectively. The
overall objective incorporates a reconstruction loss on the three tensors, along with a
BPR-style pairwise loss (Rendle et al., 2009) on the extended tensor for ranking:

o i S e )
_AZ D 1“”( ij(p+1) — Xil(P+1)>'

i=1(j,l)eD;

(2.38)

where tensor reconstruction is computed via Tucker decomposition:

X =G x,Ux,IxA,
P — G, x, U x,Ax,0, (2.39)
571:93 XbIXCA XdO.

Here, x, denotes the mode-a tensor-matrix product, and G; € IR‘_ZFXbXC, G, € H{ixcx‘i,
gs e IRZXCX”I are core tensors. Matrices U € R/, I € ]R?b, Ac ]Rixc, and O € IRiXd
denote latent factors for users, items, aspects, and opinions, respectively.

Wang et al. (2018) reported that opinion phrase usage varied across users and item
aspects in their analysed data, motivating the tensor-based modelling of opinion in-
formation. In their ranking experiments, MTER also outperformed EFM. These results
were consistent with the usefulness of modelling opinion phrases in addition to aspect-
level information, although the two models differ in other architectural respects and
the comparison therefore does not isolate opinion modelling as the sole cause of the
improvement.

Luo et al. (2019) did not directly leverage aspect or sentiment information. Instead,

they introduced temporal user-aspect attention matrices X () and item-aspect quality



Chapter 2. Literature Review 44

matrices Y() as supervision signals. Reviews were encoded at the review level using
a Doc2Vec approach (Lau and Baldwin, 2016), and temporal user preferences and item
characteristics were captured through LSTM networks (Graves, 2013) over sequences

of review vectors:
) = LSTM™; <r1.(t)> , kY =LsT™; (r]@> (2.40)

®
1
te{1,2,---,T}, respectively.

The hidden states hgt) and k](.t) were passed through fully connected layers to gen-

(£) A (1)
;7 and y;

(£)

t . . . .
where r;”/ and v’ are the pretrained review vectors of user u; and item v; at timestep

erate predictions , supervised by X(*) and Y(V):

Al(t) — 0 (VVihZ@ n bi) ,
A](t) — 0 (ij](t) n bj> (2.41)

The overall objective combines rating prediction and auxiliary supervision:

T 2 2
L=y {(f’ij — 1)+ Ay {(f}” =x0)"+ (9 =¥ } } )
t=1

(ij)eR

The supervision signals X () and Y(*) were constructed following Equation 2.29 by in-
corporating time-specific reviews. In addition, the model incorporated attention-based
user and item embeddings, u; and v; (see Equations 2.17 and 2.18), and concatenated
them with the final LSTM outputs to obtain:

Uu; (oA
) = [hm], v = [k&)] . (2.43)

The final rating prediction is then computed via:
7;; = ReLU (w (ug ® v]’-> n b) (2.44)

Luo et al. (2019) reported that HDE outperformed EFM and the compared review-
and topic-level baselines in rating prediction. HDE differed from these approaches by
combining temporal review representations, aspect-level supervision, neighbourhood

aggregation, and nonlinear interaction modelling. The reported comparisons therefore
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showed that this combined architecture was effective in their experimental setting, but
did not isolate aspect-level supervision as the sole source of the performance improve-

ment.

2.4 Explanation Methods and Forms

Explainable recommender systems can provide explanations in different forms de-
pending on the information represented by the underlying model. Aspect-based mod-
els may present structured item characteristics or fill sentence templates, counterfac-
tual methods identify changes that would alter a recommendation, and generative
models can produce complete natural-language explanations. The following discus-
sion first illustrates aspect-level explanation mechanisms that are particularly relevant
to this thesis and then briefly positions them relative to more recent counterfactual and
language-model-based approaches.

The EFM model (Zhang et al., 2014a) is capable of identifying the top-k aspects A; =
{aj,ap,- -+ ,a;} that user u; cares about the most. For a recommended item v;, the

aspect with the highest predicted quality score is selected as the basis for explanation:
ajj = argmaxaeAilA/j@. (2.45)

Conversely, the model can also explain why an item is not recommended. For a disrec-
ommended item, the aspect with the lowest quality score among the user’s top aspects
is selected:

ajj = argminaeAin@. (2.46)

Based on the selected aspect, the authors employed sentence templates to generate

recommendation and disrecommendation explanations, respectively:

You might be interested in [aspect], on which this product performs well.

You might be interested in [aspect], on which this product performs poorly.

In addition to sentence-level explanations, the authors also presented visual expla-
nations in the form of a word cloud, where positive aspect-opinion pairs are shown in
green, negative ones in blue, and the font size is proportional to the term frequency in

the item’s reviews.



Chapter 2. Literature Review 46

The MTER model (Wang et al., 2018) predicts an affinity tensor X € ]RTXW(’] +1),
which encodes user-item-aspect interactions. Given a user u#; and a recommended item
v;, the model identifies the top-k; aspects with the highest affinity scores in X ij, de-
noted as A;; = {aijl, Aijp, ik, }. For each aspect a € Ajj, the model further predicts
opinionated phrase distributions from both the user and the item sides: )A)%@ € ]Ri
(user-side) and )A7]I~<a> € 1Rf7F (item-side). The element-wise product of these two vectors
yields an opinion phrase scoring vector:

< o U o 0
Vi) = Vi) ©Vjm) € R (2.47)

where the top-k; opinion phrases with the highest scores in 57,-]-<a> are selected to de-
scribe each aspect a € A;j, denoted as O;j(s) = {@jj(a)1, %ij(a)2, = Aij(a)k, |- Based on the
selected aspects and associated opinion phrases, MTER generates opinionated aspect-
level explanations. The following examples, generated from the Amazon (product:
Superleggera/Dual/Layer/Protection/Case) and Yelp (restaurant: Smash/Kitchen and Bar)
datasets with k; = k, = 3, illustrate the output:

Its grip is [firmer] [soft] [rubbery]. Its quality is [sound] [sturdy] [smooth]. Its
cost is [original] [lower] [monthly].

Its decor is [neat] [good] [nice]. Its sandwich is [grilled] [cajun] [vegan]. Its sauce
is [good] [green] [sweet].

A different explanation paradigm is counterfactual explanation. Rather than de-
scribing characteristics associated with the current recommendation, CountER (Tan et
al., 2021) identifies a minimal set of item-aspect changes that would cause a recom-
mended item to leave the recommendation list. The altered aspects therefore explain
the recommendation in terms of features that are sufficient to change the model’s de-
cision. Counterfactual approaches are particularly useful for evaluating explanation
taithfulness because their effects can be tested directly by intervening on model inputs.

Natural-language generation has also become an increasingly prominent explana-
tion form. PEPLER (Li et al., 2023) used personalised prompt learning with a pre-
trained language model to generate recommendation explanations. More recent work
has incorporated large language models. LLM2ER (Yang et al., 2024), for example, fine-
tuned an LLM with explanation-quality reward signals, while XRec (Ma et al., 2024)
aligned LLM generation with collaborative recommendation information. A recent
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review found that direct research on LLM-generated recommendation explanations
was still relatively limited, indicating that this remains an emerging research direction
(Said, 2025). These methods can produce fluent user-facing explanations, but linguis-
tic fluency alone does not establish that a generated statement faithfully reflects the

evidence used by the underlying recommender.

2.5 Evaluation of Explanations

Explanation evaluation methods can be broadly grouped into online evaluations, user
studies, offline quantitative evaluations, and qualitative case studies. These approaches
assess different properties of an explanation and should not be regarded as inter-
changeable. Online evaluations measure effects on observable behaviour in deployed
systems, user studies assess human perceptions or decision outcomes under controlled
conditions, offline metrics evaluate measurable proxies such as agreement with held-
out evidence or model faithfulness, and case studies provide qualitative inspection of
representative examples. In particular, strong performance on an offline explanation
metric does not by itself establish that users will perceive the explanation as useful,

understandable, persuasive, or trustworthy (Wardatzky et al., 2025).

2.5.1 Online Evaluations

Online evaluations assess explanation effects through user behaviour in deployed sys-
tems. Zhang et al. (2014a) conducted two A/B tests on the online shopping website
JingDong®. In the first A/B test, users were assigned to three conditions: an experi-
mental group receiving aspect-level explanations, a comparison group receiving "Peo-
ple also viewed" recommendations, and a control group receiving no explanations.
The authors reported a higher Click-Through Rate (CTR) for the aspect-explanation
condition than for the two comparison conditions. In the second A /B test, the authors
evaluated add-to-cart behaviour when recommendation and disrecommendation ex-
planations were displayed. They reported that the explanation condition affected con-
version behaviour and that disrecommendation explanations reduced add-to-cart ac-

tions for unsuitable items.

®https://www.jd.com
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2.5.2 User Studies

User studies collect human judgements about explanations under controlled condi-
tions. Wang et al. (2018) presented participants with a user’s previous reviews, a rec-
ommendation, and its explanation, and asked whether the explanation helped them
learn about the recommended item and understand the recommender system. The
participants gave more favourable responses to opinionated aspect-level explanations
than to aspect-only explanations. Xiong et al. (2021) instead used a pairwise prefer-
ence design, asking participants to compare their proposed counterfactual explana-
tions with aspect-level explanations generated by A2CF (Chen et al., 2020b) in terms
of perceived helpfulness.

2.5.3 Offline Formula-Based Methods

Offline formula-based methods evaluate explanations using predefined quantitative
criteria without directly collecting user judgements. Some methods compare predicted
explanatory features with evidence contained in held-out reviews, whereas others use
proxy criteria derived from the recommendation model itself. When held-out reviews
are used as reference data, metrics such as Precision, Recall, or NDCG measure whether
predicted aspects or opinion phrases also appear in the user’s observed review. These
measures quantify agreement with the selected reference evidence but do not directly
measure the user’s perception of explanation quality.

Wang et al. (2018) used NDCG (Normalised Discounted Cumulative Gain) met-
ric to verify if the predicted top-k; aspects A = {ay,az,--- ,ax,} and top-k; opinion
phrases O,y = {151,122, * * ,4(a)k, } for each aspect a € A are indeed mentioned in

the user’s review:
DCG@k

(2.48)

Here

ko rel(d)
DCG@k = 1; 5 (2.49)

g (i+1)
where rel(i) is the relevance score of the element at position i in the ranking list. The
IDCG@k is defined as "Ideal DCG@k" and calculated by sorting the relevance scores in
descending order under the ideal scenario (ground truth) and then computing DCG@k.
The authors computed two NDCG scores: one for the aspect NDCG@20 and the other
for the opinion phrase NDCG@50.
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In their offline explanation evaluation, Wang et al. (2018) reported higher aspect-
prediction NDCG than EFM (Zhang et al., 2014a). Because EFM did not predict opinion
phrases, MTER's opinion predictions were compared with a popularity-based Random
baseline, which MTER also outperformed.

Chen et al. (2020b) introduced a metric called ATC (Attribute Trade-off Coverage)
to evaluate the quality of explanations in substitute recommendation scenarios. ATC
is defined as the harmonic mean of Average Precision (AP) and NDCG:

2- AP -NDCG

ATC = mean , 2.50
Y (1;,04,0)) AP + NDCG ( )

where (u;,v4,v;) denotes a test instance in which user u; eventually chooses item v;
after browsing item v,. For each instance, the model generates an aspect ranking list
A, ={ay,a,...,a,}, wherer is the total number of aspects in the dataset. The AP score
quantifies how well the predicted aspects match the ground-truth aspects G mentioned

in user u;’s review on item v;:

Y Precision@k

AP = , (2.51)
9
where |G| is the number of ground-truth aspects, and
k
Precision@k = L Ui €9) (2.52)

3 ,
with I(-) being an indicator function that returns 1 if the condition holds and 0 other-
wise.

Luo et al. (2019) introduced a metric called GOFE (Goodness Of Fit on Explanation)
to evaluate the explainability of their model HDE. The method first identifies the top-
p aspects learned for each user u, denoted as .Aé”) = {agu),ay),. . .,ag,u)}, and then

(1)

determines the top-g items associated with each aspect a € A}, denoted as Vé“) =

(a) _(a) (a)

0,0y .., 05 . AN indicator function is defined as:

1(u,0) 1 ifdace Aé”),v € Véa) (2.53)
u,v) = .
0 otherwise,
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where v denotes an item recommended to user u. Based on this, the GOFE metric is
computed as:
Yuet Lyeriw 1(1,0)

GOFE@k, p,q = Ul x k ,

(2.54)

where R,(c”) = 01,02, .., 0 is the top-k recommended items for user u, and ¥/ is the set
of target users. This metric can be interpreted as the likelihood that a recommended
item is aligned with a user’s most preferred aspects and is thus explainable. Because
GOFE does not compare explanations with held-out ground-truth aspects, it measures
consistency between the modelled user preferences, item qualities, and recommen-
dation list rather than agreement with an independently observed explanation. The

metric is also sensitive to the manually selected values of p and g.

1) 52 s
ij 7Tyt
ues are either zero or negative and applied it to the original item-aspect quality vector
Y = (y}gl), ](.2), ey y](r)), ie, yj + A}, to push the counterfactual item out of the top-

N recommendation list R; ; for user u;, where r is the total number of aspects. Their

Tan et al. (2021) learnt a slight change vector A;; = (4 ) whose val-

aspect-level and counterfactual explanations consist of the aspects that have non-zero

values in A;j, i.e., F;;. They used multiple metrics to assess the explanations from

/j’
two perspectives: user-oriented and model-oriented. The user-oriented evaluation ad-
dresses whether the explanations align with the user’s preferences. They treated all
the aspects with positive sentiments in the user’s review on the item as ground truth:
1) ) (r) (t)
]

vij = (P PijreiPij ) is defined as a binary vector, where Pij
positive sentiment on the aspect 4; in their review for item v;, 0 otherwise. They then

is 1 if user u; has

selected three common top-k recommendation metrics to compare the learnt aspects to

the ground truth:

ph) 16 £ 0)

Precision = 0 (2.55)
=1 1(6;) #0)
r (t) ()
160 £0)
Recall = ==1Pi1 7% , (2.56)
r (t)
t=1Pi;
F =2 Precision - Recall (2.57)

" Precision + Recall’

where I(x) is an indicator function such that I(x) = 1 when the condition x holds
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and 0 otherwise. To test whether the explanations reveal the essential recommenda-
tion mechanism of the recommendation model, they proposed three model-oriented
metrics: PS (Probability of Sufficiency), PN (Probability of Necessity) and Fys. The
idea of PS is to calculate the probability that item v; would still be recommended to
user u; if A; j were the only aspects present in the system. Specifically, they changed
the aspect values of all items in the item-aspect quality matrix Y to 0 if the aspects are
not in A,-,]- and checked whether the counterfactual item v;- is still in the counterfactual

top-k recommendation list R/ :

/ /
. Zu,-el/{ ZU]‘ERZ‘,/( I(U] S Ri,k)

PS = .
Euieu ZUjERi,k I(’Al,] ;é @)

(2.58)

The idea of PN is to calculate the probability that item v; would not be recommended
to user u; if A;; did not exist in the system. Similarly, they applied interventions by
altering the aspect values of all items in the item-aspect quality matrix Y to 0 if the
aspects are in A; ; and checked whether the counterfactual item v} would be removed

J
from the counterfactual top-k recommendation list R}, :

. ZM,‘GU ZZ)]‘GRI‘/}{ I(’U;k ¢ R;k,k)

PN = .
Zuieu ZUjERi,k I(Al,] 7& @)

(2.59)

The PS and PN evaluate the extent that the generated aspects are sufficient and neces-

sary, respectively. The Fys is their harmonic mean value:

PN - PS

Fye=2 - -2
NS PN + PS

(2.60)

2.5.4 Case Studies

Case studies provide qualitative evidence by examining representative recommenda-
tion and explanation examples in detail. Luo et al. (2019) visualised user and item
profiles as aspect word clouds and compared the alignment between one user’s pref-
erences and the qualities of recommended and disrecommended items. Chen et al.
(2020b) presented three examples comparing predicted aspect-level explanations with
aspects observed in users’ reviews. Xiong et al. (2021) illustrated two examples con-
taining users’” positively and negatively rated items together with the features iden-

tified by their counterfactual model as requiring the smallest changes to reverse the
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recommendation outcome.

Taken together, the literature reviewed in this chapter highlights two recurring
representation-learning problems that motivate the remainder of this thesis. First, het-
erogeneous forms of feedback can provide complementary information, but existing
approaches differ in whether feedback-specific representations should be shared, sep-
arated, or connected. Second, target-aware recommendation research demonstrates
that one fixed user representation need not be appropriate for every interaction, while
review-based and aspect-level approaches provide fine-grained information that can
support both preference modelling and explanation. Chapters 3 and 4 investigate these
two problems through feedback-dependent and interaction-dependent representation
learning, respectively. The literature on explanation evaluation further shows that pre-
dictive agreement with explanatory evidence and user-perceived explanation quality
are related but distinct evaluation objectives.
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Chapter 3

IEL: Interdependent Embedding

Learning

Personalised recommender systems aim to model user preferences and item character-
istics from users’ feedback. Feedback is commonly divided into implicit and explicit
forms (Xie et al., 2020). Implicit feedback, such as clicks and purchases, records users’
behavioural interactions with items. Such signals can usually be collected automati-
cally at scale, but an observed interaction does not directly indicate the strength of a
user’s preference, and an unobserved interaction does not necessarily indicate dislike
(Hu et al., 2008). Consequently, learning from implicit feedback requires dealing with
ambiguous positive signals and the absence of explicit negative feedback. Explicit
feedback, such as numerical ratings, allows users to express the degree of their pref-
erence more directly. However, collecting explicit feedback requires additional user
effort and is therefore often sparser than behavioural interaction data (Jawaheer et al.,
2010; Liu et al., 2010). Implicit and explicit feedback consequently provide comple-
mentary information: the former captures behavioural engagement, whereas the latter
provides more direct evaluative information about the observed interaction.

The different characteristics of the two feedback types have led to different recom-
mendation objectives (Wan and McAuley, 2018). Ranking models commonly learn
from implicit interactions to produce a personalised ordering of candidate items, of-
ten referred to as top-N recommendation. Their objective is to rank items with which a
user is more likely to interact above less relevant items, rather than to estimate an exact
preference value (Cremonesi et al., 2010). Ranking performance is therefore commonly
evaluated using information retrieval metrics such as Recall and NDCG (Bellogin et al.,
2017). Rating prediction models, in contrast, learn primarily from explicit feedback
and estimate the numerical rating that a user would assign to an item (Hadash et al.,

2018). This task is usually formulated as regression and evaluated using error-based
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metrics such as RMSE or MSE (Steck, 2010). Ranking and rating prediction therefore
capture related but different aspects of preference: ranking concerns the relative or-
dering of items, whereas rating prediction estimates the strength of a user’s explicit
evaluation.

Although ranking and rating prediction have different objectives, previous research
has shown that jointly modelling implicit and explicit feedback can improve recom-
mendation performance (Liu et al., 2010; Jadidinejad et al., 2019). Existing unified
approaches differ in how they represent the two feedback types and how the corre-
sponding learning objectives are connected (Hadash et al., 2018). Some methods (Liu
et al., 2010; Shi et al., 2013; Jadidinejad et al., 2019) used the same user or item repre-
sentations, and in some cases the same predicted score, for both implicit and explicit
feedback. Such a formulation does not explicitly represent the possibility that the
two feedback types convey different information about the same user-item relation-
ship. For example, purchasing an item indicates behavioural engagement, whereas
subsequently assigning it a low rating indicates an unfavourable explicit evaluation.
These observations are not contradictory: they describe different stages or aspects of
the user’s interaction with the item. This motivated us to represent users and items
separately under implicit and explicit feedback while allowing information to be ex-
changed between the resulting representation spaces.

Some earlier models already assigned different representations to implicit and ex-
plicit feedback, either for items (Bell and Koren, 2007; Koren, 2008a; Liu et al., 2017;
Chen and Peng, 2018) or for both users and items (Hadash et al., 2018; Mandal and
Maiti, 2020). Several of these methods also transferred neighbour information across
feedback types. For example, SVD++ and related approaches incorporated the im-
plicit embeddings of items previously interacted with by a user into that user’s ex-
plicit representation (Bell and Koren, 2007; Koren, 2008a; Liu et al., 2017). This rep-
resents a one-directional relationship from implicit item representations to an explicit
user representation. A complementary relationship had received much less attention:
an item’s implicit representation could also benefit from the explicit representations
of users who evaluated that item. More generally, earlier methods did not investigate
how this cross-feedback relationship between implicit item and explicit user repre-
sentations could be combined with collaborative neighbourhood propagation within
both feedback-specific representation spaces. This distinction motivated our method
to treat feedback-specific representations as distinct but interdependent rather than
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either completely shared or independently learned. We therefore investigated the fol-
lowing research question: How can implicit and explicit feedback be integrated to
learn user and item representations that preserve feedback-specific information and
support both item ranking and rating prediction?

Neighbour-based representation learning is naturally related to Graph Convolu-
tional Networks (GCNs). In recommender systems, user-item interactions can be rep-
resented as bipartite graphs, and graph message passing allows users and items to ag-
gregate information from multi-hop collaborative neighbourhoods (Zhang et al., 2024).
GCN-based methods have been applied to both implicit-feedback ranking (Wang et
al., 2019; He et al., 2020) and explicit-feedback recommendation (Zhang et al., 2019a;
Zhang et al., 2023b). More recent work has also shown that explicit rating graphs can
benefit from propagation mechanisms that preserve rating-specific information rather
than treating all graph edges identically (Peng et al., 2025).

Related work has considered heterogeneous user actions from both micro-behaviour
and multi-behaviour perspectives. Micro-behaviour research focuses on fine-grained
operations within user-item interactions, such as how an item is accessed and whether
a user reads comments or adds the item to a cart (Zhou et al., 2018b; Meng et al., 2020;
Yuan et al., 2022). Multi-behaviour recommendation more broadly models multiple
types of user-item behaviour, such as views, clicks, add-to-cart actions, and purchases,
while preserving their different semantics and learning dependencies across behaviour
types (Zhao et al., 2024a; Kim et al., 2026). These two perspectives overlap, since fine-
grained user actions may themselves be treated as distinct behaviour types.

Our method was related to this broader principle of preserving heterogeneous in-
teraction semantics while allowing information transfer between them, but it addressed
a different recommendation setting. Multi-behaviour recommendation commonly uses
auxiliary implicit behaviours such as clicks or add-to-cart actions to improve predic-
tion of a designated target behaviour (Kim et al., 2026). In contrast, our method con-
sidered implicit and explicit feedback as two representation spaces associated with dif-
ferent recommendation objectives and jointly supported both item ranking and rating
prediction. Earlier neighbour-augmentation approaches (Bell and Koren, 2007; Koren,
2008a; Liu et al., 2017; Pan et al., 2016) can be interpreted as first-order forms of such
information transfer. Our method extended this idea by using graph propagation to
model both within-feedback collaborative relationships and selected cross-feedback

relationships over multiple propagation layers.
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To investigate the research question, we developed a GCN-based unified frame-
work, termed Interdependent Embedding Learning (IEL), for jointly modelling im-
plicit and explicit feedback. IEL maintained separate user and item representations
for the two feedback types and constructed corresponding implicit and explicit user-
item graphs. Intra-graph message passing captured collaborative relationships within
each feedback type, while selected inter-graph pathways allowed information to pass
between the feedback-specific representation spaces. In particular, the implicit item
and explicit user representations formed the principal bridge between the two graphs,
after which the transferred information could propagate further through their respec-
tive collaborative neighbourhoods. This architecture operationalised the hypothesis
that feedback-specific representations should remain distinct while still being able to
inform one another. IEL was evaluated on the Amazon Office and Video Games rat-
ing datasets. In these experiments, observed ratings provided the explicit feedback,
while their corresponding observed user-item interactions were binarised to construct
the implicit-feedback view. The experiments evaluated both item ranking and rating
prediction. The main contributions of this study were:

1. We developed a unified recommendation framework that maintained separate
user and item representations for implicit and explicit feedback while learning
the ranking and rating prediction objectives jointly. The experimental results
showed that modelling these feedback-specific representations as interdependent
improved recommendation performance relative to the compared baselines.

2. Conceptually, we investigated a cross-feedback relationship that had received
limited attention in earlier neighbour-based unified recommendation: the rela-
tionship between an implicit item representation and the explicit representations
of users who evaluated that item. Together with the previously studied trans-
fer from implicit items to explicit users, this allowed the two feedback-specific

representation spaces to be treated as distinct but interdependent.

3. Technically, we implemented this interdependence through GCN-based intra-
graph and inter-graph message passing. Cross-feedback information was first
transferred through selected bridge representations and then propagated through
collaborative neighbourhoods within the corresponding feedback graphs, allow-
ing higher-order neighbour information to contribute to both ranking and rating
prediction.
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3.1 Related Work

Chapter 2 provided a broader review of collaborative filtering, graph-based recom-
mendation, and approaches for learning from different forms of user feedback. The
purpose of this section is more specific. We focus on models that jointly used im-
plicit and explicit feedback and examine three questions that are directly relevant to
IEL: whether feedback-specific user and item representations were shared or sepa-
rated, how information was transferred between those representations, and whether
the resulting model was evaluated for ranking, rating prediction, or both.

For this purpose, the related methods are organised according to their reported
recommendation objectives: rating prediction, ranking recommendation, and unified
evaluation. Table 3.1 summarises representative approaches and highlights whether
user and item representations were shared across feedback types and how the two

representation spaces were connected.

3.1.1 Rating Prediction

Early rating-prediction approaches already demonstrated that implicit interactions could
complement explicit user representations. In SVD++ (Koren, 2008a), for example,
a user’s explicit representation incorporated the aggregated representations of items
with which the user had implicitly interacted. Related neighbourhood-based approaches
similarly used behavioural interactions as supplementary information for predicting
explicit ratings (Bell and Koren, 2007). These methods established an important con-
nection between the two feedback types, but the information transfer was primarily

directed from implicit item representations towards the explicit user representation.

3.1.2 Ranking Recommendation

Shi et al. (2013) employed shared embeddings of users and items under implicit and ex-
plicit feedback. In their approach, the same embedding produced the same predicted
score, which was used in both the ranking algorithm and the rating prediction algo-
rithm. Although users/items had different embeddings in Liu et al. (2022)’s model,
their implicit and explicit embeddings were concatenated immediately at the embed-
ding layer to form a unified embedding. In both cases, the two feedback types were
combined before producing the final ranking signal. Such designs enabled information
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TABLE 3.1: Models utilising implicit and explicit feedback.
Model ulim) — ylex) 5 (im) — Connection Rec Obj
SVD++ - No ul®) 4+ = AGG(ol™) Rating
(Koren, 2008a)
Co-Rating Yes Yes None Both
(Liu et al., 2010)
URM Yes Yes None Ranking
(Shi et al., 2013)
T .

MFPR - No ule) 4 = 1 ZAGG(vt(Zm)) Ranking
(Liu et al., 2017) t=1
PMF+P+N Yes No None Both
(Chen and Peng, 2018)
RnR No No u(®) = FC(u(m)) Ranking
(Hadash et al., 2018) v(e) = FC(v(im) 4 (pos))
Weak Supervision Yes Yes None Both
(Jadidinejad et al., 2019)
GPMF No No min||u(*) — 5 (m)]|2 Both
(Mandal and Maiti, 2020)
ITE Yes Yes § = f(@lm) Ranking
(Tran et al., 2022) P = g(MLP(QD(im)))
EINMF No No None Ranking
(Liu et al., 2022)
IEL No No ulm = AGG(o(im) Both
(our method) oM = AGG (™), u(¢¥))

u(®) = AGG(v(e¥), p(im))

v(®) = AGG(u(*¥))
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sharing but limited the model’s ability to preserve different meanings for behavioural
engagement and explicit evaluation at the prediction stage.

Tran et al. (2022) also did not separate the user/item embeddings for different types
of feedback. Instead, they considered the implicit and explicit feedback provided by
users as a sequential process, with explicit scores derived based on implicit feedback
information. Specifically, the vector that generated the implicit score passed through
several Multi-Layer Perceptron (MLP) layers to obtain the explicit score. Although the
same user/item embeddings were used in different feedback, this process simulated
the relationship and difference between implicit and explicit feedback.

In Tran et al. (2022), the two feedback types were separated by first merging user
and item embeddings to obtain an implicit vector, which was then transformed to de-
rive the explicit vector. However, in Hadash et al. (2018), this transformation occurred
on the user and item embeddings before they were merged. More specifically, the im-
plicit user embedding and implicit item embedding were utilised to predict implicit
feedback. Subsequently, a deviation item embedding was added to the implicit item
embedding to derive the post item embedding. Finally, the implicit user embedding
and the post item embedding were passed through a fully connected layer (FC) with
a non-linear activation function to generate the explicit user embedding and explicit
item embedding, respectively. The explicit embeddings generated in this manner were
then merged for rating prediction.

Based on the design of SVD++ (Koren, 2008a), which utilised a single type of im-
plicit item embedding to complement explicit user embedding, Liu et al. (2017) in-
troduced multiple types of implicit item embeddings as supplementary information.
However, the supplemented explicit user embedding and the explicit item embedding
were integrated for item ranking rather than rating prediction. Their results showed
that incorporating multiple forms of implicit interaction could improve ranking per-
formance, further supporting the usefulness of transferring complementary feedback

information across representation components.

3.1.3 Unified Tasks

An early approach that jointly learned from implicit and explicit feedback for both
ranking and rating prediction was proposed by Liu et al. (2010). Like Shi et al. (2013),
they utilised the same user and item embeddings and generated the same predicted
score for both learning tasks. Their difference only lies in the choice of the ranking
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algorithm. Although they utilised the same embeddings for both learning tasks, their
work has shown that combining implicit and explicit feedback could improve recom-
mendation quality.

Considering implicit feedback is more abundant than explicit feedback, Jadidine-
jad et al. (2019) used a rating prediction model trained on explicit feedback to label
implicit feedback. Specifically, the original values of 1 in the implicit feedback were
converted to predicted ratings from the rating prediction algorithm, thus creating a
new weakly annotated dataset. The model was then trained on this dataset. Their ap-
proach utilised the same user/item embeddings across different feedback types, and
the final predicted score was used for both ranking and rating prediction, similar to
(Liu et al., 2010; Shi et al., 2013). The difference, however, was that they only employed
the rating prediction algorithm for training, rather than a weighted sum of two tasks.

Chen and Peng (2018) assigned different embeddings to each item based on dif-
ferent feedback. They proposed that implicit and explicit feedback could correspond
to the item display embedding and its true embedding, respectively. The shared user
embedding is then utilised with the item display embedding for ranking and the item
true embedding for rating prediction.

Mandal and Maiti (2020)’s model learnt different user/item embeddings from dif-
ferent types of feedback. In their approach, the user embeddings under different feed-
back types were constrained by an L2 norm in the loss function. The purpose was to
ensure that while the user embeddings may differ across feedback types, they should

be as close as possible.

3.1.4 Summary and Research Gap

The reviewed literature showed that implicit and explicit feedback had been connected
in several different ways. One group of methods shared the same user/item represen-
tations or prediction scores across the two feedback types (Liu et al., 2010; Shi et al.,
2013; Jadidinejad et al., 2019). This approach enabled joint learning but did not ex-
plicitly preserve the different semantics of behavioural engagement and explicit eval-
uation. A second group maintained different representations and connected them
through transformations or regularisation (Hadash et al., 2018; Mandal and Maiti,
2020). These methods preserved some feedback-specific information, but the relation-
ships between the representation spaces were primarily encoded through parameter

transformations or loss constraints. A third group transferred neighbour information
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between feedback types (Bell and Koren, 2007; Koren, 2008a; Liu et al., 2017; Pan et
al., 2016), demonstrating that collaborative neighbours could provide complementary
information across feedback types.

Taken together, these studies suggested two useful principles for unified recom-
mendation. First, implicit and explicit feedback should not necessarily be forced into
identical representations because they convey different information about user-item
relationships. Second, keeping the representations completely independent would
discard potentially useful relationships between the two forms of feedback. The re-
maining question was therefore how feedback-specific representations could remain
distinct while exchanging collaborative information in a structured manner.

Recent multi-behaviour recommendation research has strengthened this general
motivation by preserving behaviour-specific interaction structures and explicitly learn-
ing cross-behaviour dependencies (Zhao et al., 2024a; Kim et al., 2026). Nevertheless,
most multi-behaviour settings use several implicit behaviours to improve prediction of
a designated target behaviour, whereas the problem investigated in this chapter jointly
considered implicit behavioural interactions, explicit ratings, and two corresponding
objectives: ranking and rating prediction. IEL addressed this gap by using separate
feedback-specific graphs and GCN-based message passing to connect the implicit item
and explicit user representation spaces while allowing transferred information to prop-
agate through their collaborative neighbourhoods.

3.2 Preliminaries and Model Motivation

Our GCN-based unified model integrates both implicit and explicit feedback to ad-
dress two key recommendation tasks: item ranking and rating prediction. As such,
it incorporates components from rating prediction algorithms, ranking algorithms,
and GCN-based representation learning. In this section, we briefly review a classi-
cal rating prediction approach (Matrix Factorisation (Koren et al., 2009)), and a widely
adopted ranking method (Bayesian Personalised Ranking (Rendle et al., 2009)), as well
as the GCN framework. We further elaborate on the architectural motivation behind
our model, highlighting the challenges involved in performing message passing both
within (intra-graph) and across (inter-graph) feedback-specific interaction graphs.
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3.2.1 Matrix Factorisation

Explicit feedback is typically in the form of numerical ratings provided by users to
directly express their preferences. For instance, in a 1-5 rating system, a high rating
indicates that the user likes the item, whereas a low rating suggests the opposite.

Leti € {1,..., m}andj € {1,..., n} denote a user and an item, where m and n
represent the number of users and items, respectively. The user-item rating matrix is
defined as R € R"*". The goal of recommendation with explicit feedback is to predict
a rating 7; ; that accurately reflects user i’s preference for item j.

Matrix Factorisation techniques are simple yet effective approaches for rating pre-
diction. They decompose the original rating matrix R € R"*" into a user embedding
matrix U € R¥*™ and an item embedding matrix V € R?*", where d is the dimen-
sion of the user/item embeddings. The user embedding u; € R? and item embedding
vj € R? represent the user’s preferences and the item’s features, respectively. Conse-
quently, a user-item rating can be modelled as the inner product of the user embedding
and the item embedding: 7;; = ”iij'

By fitting observed ratings in the training set, MF typically optimises the user and

item embedding matrices by minimising the squared error loss:

min Y (7 —rij)* + Au U7+ Av || V][ (3.1)
UV iheo

where (i, j) € O indicates that the rating r; ; is observed, and Ay || U|%and Ay | V|7 are

regularisation terms to prevent overfitting.

3.2.2 Bayesian Personalised Ranking

In implicit feedback scenarios, only positive observations are available (Rendle et al.,
2009). The missing data comprises a mixture of truly negative and unobserved posi-
tive feedback. Typically, positive feedback and missing data are assigned values of 1
and 0, respectively. The user-item interaction matrix S € R™*" derived from implicit

feedback is defined as follows:

(3.2)

_ ] 1, if interaction (user i, item j) is observed;
v 0, otherwise.
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A value of 1 indicates that the user has interacted with the item; however, it does not
necessarily imply that the user likes the item, as they might have accidentally clicked
on it or disliked the item after purchasing and evaluating it. Similarly, a value of 0
does not necessarily mean that the user dislikes the item, as it could simply be that the
user is unaware of the item’s existence (He et al., 2017). This inherent noise poses a
challenge in learning accurate user and item representations from implicit feedback.

The objective of ranking recommendation is to provide each user with a person-
alised ranked list of items. The common approach involves predicting a score §; ; that
indicates the interest level of user i for item j, and then sorting the items according to
these scores. Although MF methods have achieved impressive results in rating predic-
tion, they tend to perform poorly in item ranking tasks (Chen and Peng, 2018). To ad-
dress this issue, Bayesian Personalised Ranking (BPR) uses item pairs as training data
instead of scoring single items. The underlying idea is that a user prefers items they
have interacted with over all other unobserved items. BPR-MF (Rendle et al., 2009) ex-
tends MF by learning user and item embedding matrices with a different optimisation

criterion:

min Z — 11’10'(§1"]' — §i,k) + Au HUH% + Ay ”VH%, (3.3)
uyv ..
(i,jk)eD
where (i,j, k) € D denotes that interaction Sij is observed but s; ; is unobserved, and
o(x) =1/(1+ exp(—x)) is the sigmoid function.

3.2.3 Graph Convolutional Networks

Graph Convolutional Networks (GCNs) are designed to operate on graph-structured
data by iteratively updating node embeddings based on their neighbours’ information.
At each layer, each node aggregates information from its neighbours (including itself)

and updates its embedding accordingly.

Neighbour Aggregation.

In each layer, a node collects and aggregates the embeddings of its neighbours (includ-
ing itself):
al) = AGG ({1 je MUY}, (3.4)
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where algl) represents the aggregated message for node i, and N; denotes the set of
its neighbours. The aggregation function AGG is typically a degree-normalised sum,

formally given by:
-y ! 0
ai — —e]' 7 (35)
jeN:utiy A/ ING] - IN]]

where || and |Vj| denote the degrees of nodes i and j, respectively. This normalisa-
tion ensures that nodes with different numbers of neighbours contribute proportion-
ally to the aggregation, preventing nodes with higher degrees from dominating the
information flow.

Following the aggregation step, each node updates its embedding by applying a
linear transformation and a non-linear activation to the aggregated message, as de-
tailed in the next subsection.

Node Update.

The aggregated message is then transformed to produce the updated embedding:

™) = o(WWa 1+ 1), (3.6)
where W() and b") are the trainable weight matrix and bias, and ¢ is a non-linear
activation function.

3.2.4 Model Architecture Motivation

When users and items are represented separately on implicit and explicit feedback
graphs, message passing involves more architectural choices than in a single user-
item graph. Although there are only two underlying entity types, each entity has a
teedback-specific representation, resulting in four representation types: implicit users,
implicit items, explicit users, and explicit items. For a target representation, infor-
mation can in principle be obtained from three sources: (1) neighbouring nodes on
the same graph, (2) the corresponding representation of the same entity on the other
graph, and (3) neighbouring nodes on the other graph.

Figure 3.1 illustrates these possibilities using the implicit item z; as the target. It
may receive information from neighbouring implicit users through conventional intra-

graph propagation, from its explicit counterpart v}, or from explicit users connected to
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the same item. Similar candidate pathways can be defined for the other three feedback-
specific representations. The architectural problem is therefore not simply whether
information should be exchanged across the two graphs, but which feedback-specific
representations should exchange information and how that transferred information

should subsequently propagate through the collaborative neighbourhoods.

O user i <> Information Propagation

——  Implicit Feedback
O item j ——  Explicit Feedback

FIGURE 3.1: An illustration of three possible sources of information for
message aggregation in a dual-graph setting. The implicit and explicit
representations of user i and item j are denoted by implicit user u;, im-
plicit item z;, explicit user g;, and explicit item v;, respectively. Taking
the implicit item z; as an example, its candidate information sources in-
clude (1) neighbouring implicit users on the same graph, (2) its explicit
counterpart v;, and (3) neighbouring explicit users on the other graph.
The figure illustrates the architectural choices that arise when learning
feedback-specific representations across the implicit and explicit graphs;
not all candidate pathways are necessarily used in the final IEL architec-
ture.

The order of inter-graph and intra-graph propagation also affects how cross-feedback
information is distributed. If inter-graph transfer is performed before intra-graph prop-
agation, information received from the other feedback type can subsequently be propa-
gated through the collaborative neighbourhood of the target graph. For example, after
an implicit item representation receives information from its explicit user neighbours,
this transferred information can contribute to later updates of neighbouring implicit
users and higher-order implicit nodes. By contrast, performing intra-graph propaga-
tion first would restrict the cross-feedback information introduced at that stage from

influencing the earlier within-graph updates.
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IEL therefore performed the selected inter-graph transfer before the corresponding
intra-graph propagation. This ordering reflected the modelling objective that informa-
tion originating from one feedback type should not only modify the directly connected
representation but should also be able to influence its collaborative neighbourhood
on the other graph. The experiments in this study did not exhaustively compare all
possible propagation orders, so this design should be interpreted as a motivated archi-
tectural choice rather than an empirically established optimum.

To keep the cross-graph architecture tractable, IEL selected only a subset of the pos-
sible inter-graph pathways. The selection was guided by a modelling hypothesis about
how behavioural engagement and explicit evaluation could provide complementary
information. In the implicit-feedback view, an observed interaction indicated that a
user had interacted with an item but discarded the numerical rating associated with
that interaction. By contrast, the explicit-feedback view preserved the rating value and
therefore contained information about the strength and direction of the user’s eval-
uation. We therefore hypothesised that an implicit item representation could benefit
from information propagated from its explicit user neighbours. This pathway allowed
evaluative information associated with the item to supplement its representation on
the implicit-feedback graph.

The reverse direction was motivated by earlier unified recommendation models.
SVD++ and related neighbourhood-based approaches incorporated representations of
implicitly interacted items into an explicit user representation, showing that a user’s
behavioural history can complement the representation used for explicit preference
prediction (Bell and Koren, 2007; Koren, 2008a; Liu et al., 2017). IEL retained this prin-
ciple by allowing the explicit user representation to receive information from its im-
plicit item neighbours. The two selected pathways therefore formed a complementary
pair: explicit user information enriched the implicit representation of an item, while
implicit item information enriched the explicit representation of a user.

These bridge representations were selected because they provided a simple way
to connect behavioural and evaluative information without introducing every possi-
ble cross-graph connection. After the inter-graph update, intra-graph message pass-
ing allowed the transferred information to propagate through the corresponding col-
laborative neighbourhood. This design operationalised the central hypothesis of IEL:
teedback-specific representations should remain distinct, but selected representations
should exchange complementary information through their neighbours. Alternative

bridge nodes, bidirectional counterpart connections, or learnable cross-graph routing



Chapter 3. IEL: Interdependent Embedding Learning 67

mechanisms were not exhaustively evaluated and remain possible extensions of the

architecture.

3.3 Interdependent Embedding Learning

We developed a GCN-based recommendation framework named IEL to model the pro-
cess through which users interact with items implicitly and explicitly, based on three

key designs:

1. The user/item in implicit feedback and the user/item in explicit feedback can be

characterised by two different embeddings,

2. the implicit item embedding depends on the explicit embeddings of its neigh-

bouring users, and

3. the explicit user embedding depends on the implicit embeddings of their neigh-

bouring items.

O user i <«—> Information Propagation

~— Implicit Feedback
O item j —  Explicit Feedback

FIGURE 3.2: The overall framework of IEL, a GCN-based recommenda-
tion model designed to integrate implicit and explicit feedback. Each user
and item is represented by two distinct embeddings for the two feedback
types: u; and g; for user i, and z; and v; for item j. Implicit and explicit
feedback are modelled via message passing within and across graphs.
Blue arrows denote the direction of message aggregation. Specifically, z;
integrates information from explicit user embeddings, while q; aggregates
messages from implicit item embeddings, enabling inter-graph informa-
tion transfer.
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An overview of our approach is provided in Figure 3.2, and the notations used are
summarised in Table 3.2. In the framework, nodes and arrows denote variables and
their relationships, respectively. There are six variables: two represent implicit feed-
back (s;j) and explicit feedback (r;;), while the remaining four represent user i’s implicit
embedding(u;), user i’s explicit embedding (q;), item j’s implicit embedding(z;), and
item j’s explicit embedding (v;). The implicit and explicit embeddings of users and
items determine the implicit and explicit feedback, respectively. The blue arrows indi-
cate the source and target of message passing. In our design, users and items under
implicit feedback absorbed information from their neighbours to update their own
embeddings, and a similar process occured for explicit feedback. There was also mes-
sage passing between different feedback: the item’s implicit embedding and the user’s
explicit embedding acted as "bridges" to facilitate information propagation between

feedback. In the following sections, we introduce our intra-feedback GCN and inter-
feedback GCN.

TABLE 3.2: Summary of notations.

Symbol Description

m number of users

n number of items

i i€ {l,..., m}isused toindex a user

j j€{l,..., n}isused toindex an item
Sij the implicit feedback of user i for item j
tij the explicit feedback of user i for item j

u; € R? user i’s embedding in implicit feedback
gi € RY user i’s embedding in explicit feedback
zj € RY item j’s embedding in implicit feedback
vj € RY item j’s embedding in explicit feedback

S the item set that user i has implicitly interacted with
Ri the item set that user i has explicitly interacted with
S; the user set that item j has implicitly interacted with
R, the user set that item j has explicitly interacted with

3.3.1 Intra-Feedback GCN

For the propagation rule on the implicit graph, we followed the straightforward yet
highly effective design of the LightGCN model (He et al., 2020), which has demon-

strated superior performance on ranking tasks.
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u; z:/, z u;’,
\/‘Si’jgi s S| ies; VISl

EZH) denotes user i’s implicit embedding at layer / 4 1; z](.l) denotes item j’s
implicit embedding at layer /; §; and S; are the sets of user i’s and item j’s immedi-

1 1 1 1
(1+1) _ () (+1) y (1) (3.7)

where u

ate (first-order) neighbours under implicit feedback, respectively; |S| represents the
number of elements in a set S.

It can be observed that, to prevent the scale of embeddings from increasing with
graph convolution operations (Kipf and Welling, 2016), the method involves applying
symmetric square root normalisation to each neighbour’s embedding during neigh-
bourhood aggregation. Specifically, this normalisation is applied to both the target
node and the neighbouring nodes. The purpose is to emphasise the importance of
information from neighbours that have fewer interactions in the dataset. After aggre-
gating the weighted information from all the neighbouring nodes, a simple weighting
is applied based on the target node’s own number of interactions, which is essentially
the number of its neighbours.

On the explicit graph, we adopted a similar mechanism to aggregate features from
the target node’s neighbours:

I S o L A S Y

7 q. -,
: VIRl ez IR T Ry iR, VIRl

EZH) denotes user i’s explicit embedding at layer | + 1; v](l) denotes item j’s
explicit embedding at layer [; R; and R; are the sets of user i’s and item j’s direct

where g

neighbours under explicit feedback; | R | represents the number of elements in a set R.

3.3.2 Inter-Feedback GCN

The key point is to exchange information between the two graphs. Before passing
message within the same graph, nodes first collect features from their neighbours on
the other graph. In this process, there are four possible options: the implicit user em-
bedding can absorb information from their neighbouring items on the explicit graph
(ul(lﬂ) = AGG(v](l) : j € R;)), and vice versa (v](lﬂ) = AGG(uZ(l) 11 € §;)); similarly,
the implicit item embedding can absorb information from their neighbouring users on
the explicit graph (z](.lﬂ) = AGG(q(l) 1 € R;)), and vice versa (qglﬂ) = AGG(Z](-I) :

i
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j € Si)). As shown in the framework diagram (Figure 3.2), we chose implicit items and

explicit users as representatives for inter-feedback message passing:

1

2=z — Y q, (39)
’R]| ZER]'

qfl) = qgl) + L 2, (3.10)

VISiljes,

The reasons for this choice, beyond the intuition mentioned in Introduction, in-
cluded our aim to avoid making the message aggregation between graphs overly com-
plex, which could potentially impact model performance. Furthermore, we advocated
that as long as the order of information propagation within and between feedback is
clarified, nodes that do not directly participate in inter-feedback message aggregation
can still access information from nodes in the other feedback.

Specifically, we first performed message passing between feedback, followed by
within feedback. Taking a single-layer GCN as an example, the implicit item embed-
ding at layer O first absorbs the information of its neighbours in the explicit feedback,
i.e., the explicit user embeddings (qfo)). The gathered neighbour information is then
added to the item’s own embedding (z](O)). We refereed to this integration of neigh-
bouring information from the other feedback as implicit item inter-embedding at layer

0 (inter-z]@)). Correspondingly, the explicit user embedding at layer 0 also obtains its
(0)).

inter-embedding (inter—qi

. 1 , 1
znter-zj(o) = z](.o) + Z q(o)’ mter-qfo) = qgo) + Z 2O, (3.11)

Ry i€R; vIsiljes

Next, this inter-embedding undergoes message passing within the respective feed-
back:

(1) 1 L. 0 (1) 1 L)
u; ' = inter-z: "/, z:’ = u; ', (3.12)
VISi| ]g S| P 1S igj VIsSi|
(1) 1 L () BN € 1 L. (0)
g, = v.’, v = inter-q; . (3.13)
\/lRi|jeZRi R mj\ié;zj Rl
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Equation 3.12 implies that the implicit user embedding at layer 1 (ugl)) not only
receives the implicit embeddings of its neighbouring items from layer 0 but also the
explicit information from layer 0. This realises our concept that even nodes not directly
participating in inter-feedback message aggregation can still access information from
the other feedback. The implicit item embedding at layer 1 (z](-l) ) includes the implicit
information of its neighbouring users from layer 0. Equation 3.13 carries the same
implication.

It is worth noting that in the inter-feedback GCN, we did not use the symmetric
square root normalisation of the intra-feedback GCN. Specifically, we only applied
normalisation to the target node, not to the neighbouring nodes. Our reasoning was
that the process of the implicit item embedding aggregating the explicit user neigh-
bour information corresponds to users viewing the explicit feedback of items (such as
reviews): users are primarily concerned with the number of explicit feedback received
by the current item, rather than the total feedback given by those users. In other words,
each neighbour information is equally important in this process, regardless of the over-
all feedback activity of the neighbours. A similar rationale applied to the explicit user
embedding aggregating its implicit item neighbour information. Moreover, this de-
sign (Equation 3.10) is similar to the structure of SVD++ (Koren, 2008a), where only
the feedback quantity of the target node is considered when aggregating neighbour
information between feedback.

3.3.3 Layer Combination and Model Prediction
Layer Combination

After obtaining the representations from each layer, we used a self-attention mecha-

nism to integrate the information from each layer to produce the final representation:

Lo
u; — thu/lui ’
=0

- )
zj = Zazllinter-zj ,

=0 (3.14)

L
. l
q; = Z zxq,lmter-ql( ),
=0

- (1)
=Y a,0; .
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Taking the implicit user embedding u; as an example, &, ; is computed as follows:

exp(uc;ll)
exp(Lji_o &), 1)

oc;,l = ocuLeakyReLU(Wuul.(l)), S (3.15)
where W, € R%*? denotes the linear transformation; LeakyReLu(-) is an activation

function; and &, € R?*1 is a context vector.

Model Prediction

In this work, we chose the inner product to estimate the user’s implicit score towards
the target item:
§i,j = MI-TZ]' (316)

For the explicit score, we applied a non-linear transformation to the explicit user

embedding and item embedding respectively before computing their inner product:

q; = LeakyReLU(Wyq;), @} = LeakyReLU(W;v;). (3.17)

!
]

Fij = sigmoid(qiTZj), (3.18)

where the sigmoid operation in 7;; is to bound the prediction range to [0, 1]. Cor-
respondingly, we mapped the raw rating r;; to an interval [0, 1] by employing the
function y(x) = (x — ryin) / (Fmax — Ymin), Where tyay and r,,;, are the maximum and
minimum rating in the dataset, respectively. For example, r,,x equals to 5 and 7,

equals to 1 in many websites (e.g., Amazon, Yelp) that use a five-star rating system.

3.3.4 Model Optimisation

Since our model aimed to accomplish both item ranking and rating prediction tasks,
it fell under multi-task learning (MTL). Most MML approaches use a combined loss
function with task weights to control the importance of each task. However, tuning
the weights of multiple task losses is time-consuming, and fixed weights do not apply
to all batches throughout the dynamic training process (Xu et al., 2023). Therefore, we
adopted a step-wise training approach. The advantage of this method is that we do
not need to adjust the hyperparameters for task weights.
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Specifically, if the target task was item ranking, we first performed preliminary
batch training on the rating prediction task based on Equation 3.1, updating the model
parameters related to rating prediction in one batch. We then train the ranking task
based on Equation 3.2 and update its corresponding parameters on the same batch.
Conversely, if rating prediction was the target task, we conducted preliminary batch
training on the ranking task before training the rating prediction task. This ensured
that the parameters updated through target task learning were used during model
prediction.

3.3.5 Design Decisions and Other Architectural Choices

In this section, we describe some of the design choices we considered for the IEL ar-
chitecture and explain why they did not yield satisfactory results in our preliminary

experiments.

Using Attention Mechanism Instead of Linear Message Passing

In order to capture the varying contributions of each neighbour to the target node, we
adopted the attention mechanisms proposed in (Brody et al., 2021) and (Vaswani et
al., 2017) for intra-graph and inter-graph message passing, respectively. However, the
item ranking performance did not match the results achieved with the current design

as outlined in (He et al., 2020), although the rating prediction results were comparable.

Adopting Non-Linear Prediction for Implicit Scores

We considered applying a non-linear transformation to the implicit user embedding
and item embedding respectively before computing their inner product to estimate the
implicit score, similar to the method used for explicit user/item embeddings before
calculating the explicit score. Alternatively, we could concatenate the implicit user em-
bedding and item embedding and pass them through a three-layer non-linear network
to obtain the implicit score. However, we found that such approaches only degraded
the ranking quality. In contrast, the simple inner product yielded the best results.
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Node Learning versus Edge Learning

In our initial experimental design, we utilised edge learning instead of node learning.
Specifically, we assigned an embedding to each edge and used the aforementioned at-
tention mechanisms to update the edge representations. Finally, the predicted implicit
and explicit edges were passed through a non-linear network to obtain the implicit
and explicit scores, respectively. However, this approach resulted in suboptimal rank-
ing quality, despite achieving comparable results for rating prediction. Another reason
we abandoned edge learning in this model was computational resource constraints. In
recommendation systems, the number of edges grows with the number of users and
items, making edge learning significantly more resource-intensive than node learn-
ing. Additionally, edge learning was incapable of predicting isolated users or items
(those with no interactions in the train dataset). Even when we attempted to assign
initial values to all nodes (including isolated nodes) and update them along with other
parameters, enabling predictions based on the node’s own information, the ranking

quality did not improve.

3.4 Experiments

We conducted experiments on two real-world datasets: Amazon-Office and Amazon-
Video Games. We compared our method against four competitive models. For the item
ranking task, we employed Recall@k, Precision@k, Normalised Discounted Cumula-
tive Gain (NDCG)@k, and naive-NDCG@k metrics to evaluate model performance,
where k € {3,5,10,20}. For the rating prediction task, we utilised mean square error
(MSE) and mean absolute error (MAE) as evaluation metrics. The experimental results
demonstrated that IEL outperforms the competing models in both tasks. Additionally,
we examined the impact of the number of GCN layers on the model’s performance.

3.4.1 Experimental Setup

TABLE 3.3: Statistics of the datasets.

Dataset Users Items Interactions Density

Amazon-Office 3,613 2,427 58,300 0.00665
Amazon-Video Games 5,942 3,793 103,778 0.00460
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Datasets To assess the effectiveness of IEL, we conducted experiments on two Ama-
zon product-category datasets (Ni et al., 2019): Office and Video Games. These datasets,
which are publicly accessible, differ in domain, size, and density. The statistics for the
two datasets are summarised in Table 3.3. The Amazon review! dataset is a commonly
utilised dataset for product recommendation. From this collection, we selected the Of-
tice and Video Games subsets. Ratings in the dataset are provided on a five-star scale.
To ensure the quality of the dataset, we used the 10-core setting, retaining only users
and items with at least ten interactions.

For each dataset, the historical interactions of each user were split into a training
set (70%), a validation set (10%), and a test set (20%) based on chronological order.
All models were trained on the training dataset, hyperparameters were tuned on the
validation dataset, and performance was reported on the test dataset. Specifically, we
selected the model that achieved the best performance on the validation dataset and
evaluated it on the test dataset. Following the treatment of observed interactions as
implicit signals in previous recommendation studies (Koren, 2008a; He et al., 2015),
we constructed the implicit-feedback view from the occurrence of observed ratings.
Specifically, each observed user-item rating was assigned a binary interaction value of
1 in the implicit graph, while the corresponding numerical rating was retained in the
explicit graph. Consequently, the implicit and explicit graphs had the same observed
user-item connectivity in these experiments, but represented different information: the
implicit graph encoded whether an interaction occurred, whereas the explicit graph

additionally preserved the strength of the user’s evaluation.

Baselines To demonstrate the effectiveness of our proposed IEL model, we compared
it against the following methods?:

* BPR-MF (Rendle et al., 2009): BPR-MF is a matrix factorisation approach opti-
mised using BPR loss, which leverages pair-wise ranking between observed and

missing interactions. It utilises implicit feedback exclusively.

* SVD++ (Koren, 2008a): This algorithm generates the explicit user embedding by
considering all items for which the user provided implicit feedback. It employs

Ihttps://nijianmo.github.io/amazon/index.html

2The bias terms (i.e., user bias, item bias, and global bias) have been shown to significantly enhance
rating prediction performance (Sachdeva and McAuley, 2020). To ensure a fair comparison, specifically
to evaluate the effectiveness of the model architecture itself, we omitted the bias components in certain
models that originally include them, such as SVD++.
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both implicit and explicit feedback but is utilised solely for the rating prediction
task.

¢ PMF+P+N (Chen and Peng, 2018): PMF+P+N is a matrix co-factorisation algo-
rithm that simultaneously utilises implicit and explicit feedback. In this model,
there is no relationship between the implicit and explicit item embeddings, and

users share the same embedding in both implicit and explicit feedback.

¢ RnR (Hadash et al., 2018): RnR is a unified recommendation framework where
the explicit user and item embedding are derived from their respective implicit
embedding. For a fair comparison, we adhered to its original setting, adopting
BPR-MF (Rendle et al., 2009) as the ranking model and SVD (Paterek, 2007) as
the rating prediction model. It is noteworthy that RnR did not report their rating
prediction quality. However, we found that their model can achieve superior per-
formance in the rating prediction task. Therefore, in this study, we also included
its evaluation results on this task.

¢ LightGCN (He et al., 2020) is a GCN-based ranking recommendation model that
retains only its most essential component, i.e., neighbourhood aggregation. It has
been widely adopted as a strong GCN-based baseline for collaborative filtering.
Given that it formed the foundation of our model, we included it as one of the

baselines for the ranking task.

Evaluation Protocols In the ranking task, for each user in the validation/test dataset,
we predicted their implicit score for all items they had not interacted with in the train-
ing dataset. These items were then ranked according to their predicted values. To eval-
uate the performance of all models for item ranking, we used Recall@k, Precision@k,
naive-NDCG@k, and NDCG@k as evaluation metrics, where k € {3,5,10,20}. The
formulas for these metrics are presented below.

k .

iy |

Precision@k = Zl%(l), (3.19)

where I(i) is an indicator function that equals 1 if the i-th recommended item has been
interacted with by the user in the validation/test dataset, and 0 otherwise.

i I(i)

Recall@ek = ==——~,
4

(3.20)
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where |G| denotes the total number of items the user has interacted with in the valida-

tion/test dataset.

DCG@k

IDCG@k’

k 1(i) _
ore 1
DCG@k =Yy — —,
1._21 log, (i +1)

NDCG@k =
(3.21)

where rel(i) is the predicted implicit score of the i-th recommended item; IDCG@XK,
defined as the "Ideal DCG", is calculated by sorting the relevance scores in descending
order under the ideal scenario (ground truth). We also reported the naive-NDCG@k
value, which is computed by replacing rel(i) with I(i) in the NDCG@k formula. The
tinal results were averaged across all users in the validation/test data.

In the rating prediction task, we calculated the MSE and MAE between all actual

ratings and the predicted explicit ratings in the validation/test dataset:

MSE = (3.22)

MAE =

, 3.23
7] o)

where T is the validate/test dataset.

Parameter Settings We implemented our IEL model using PyTorch. For all models,
the embedding size was fixed at 64 and the batch size was set to 1024. A grid search
was conducted for hyperparameter tuning: the learning rate was varied among {le-
5, 1le-4, 1le-3, le-2}, and the coefficient for L2 regularisation was searched within {le-
6, le-5, le-4, 1e-3}. Additionally, an early stopping strategy was employed, halting
training if the monitored metric NDCG@20 on the validation data did not improve for
30 consecutive epochs in the ranking task, or if the MSE did not decrease for 30 epochs
in the rating prediction task. Regarding the number of negative samples in the BPR
loss, we randomly sampled one unobserved interaction for each user. For PMF+P+N
and RnR, the range of the implicit task weight @ was set to [0.1, 1.0] with a step size of
0.1.
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3.4.2 Item Ranking Performance

Table 3.4 shows the item ranking performance of all models. We summarise the fol-

lowing observations:

¢ LightGCN proved to be the strongest baseline, outperforming all other baselines
on most metrics across both datasets. The only exception was on the Amazon
Office dataset, where its (naive-)NDCG@3 to @5 scores were slightly lower than
those of PMF+P+N.

¢ PMF+P+N exhibited the most variability in performance. Specifically, it showed
robust results on the Amazon Office dataset, achieving approximately a 20%
improvement over BPR-MF and RnR on naive-NDCG@3 and NDCG@3 met-
rics. Although its advantage diminished with increasing recommendation list
length, it still outperformed them by about 7% on (naive-)NDCG@20. However,
PMF+P+N’s performance on the Amazon-Video Games dataset was subpar, even
lagging behind BPR-MF. We hypothesised that this was due to the presence of
items in the Video Games validation and test datasets that were not seen during
training, which PMF+P+N struggled to predict accurately.

¢ In contrast, RnR demonstrated more consistent results. It surpassed PMF+P+N
on Video Games, becoming the second strongest baseline for this dataset.

* Overall, BPR-MEF, as a single model, underperformed compared to other unified
models on both datasets. Interestingly, on the Video Games dataset, BPR-MF
excelled when the recommendation list length was 20, even surpassing the high-
performing RnR.

* IEL consistently outperformed all baselines on both datasets. Its improvements
on various metrics were generally around 10% or higher, except for Recall@10
and Precision@10 on Office, where the smallest improvement was still approx-
imately 5%. This indicated that our model achieved significantly better results
in the item ranking task compared to other single and unified models. Notably,
IEL’s enhancements were more pronounced on the Office dataset overall.

* When compared to the strongest baseline, IEL steadily achieved greater improve-
ments in the NDCG metric than naive-NDCG, except for the special cases where
PMF+P+N served as the strongest baseline on the Office dataset (@3 and @5).
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For instance, on the Video Games dataset, IEL improved NDCG@20 by 9.41%,
surpassing the 9.10% improvement of naive-NDCG@20. The former accounts for

multiple rating values, whereas the latter only considers binary values. This sug-

gests that our model prioritises ranking items with higher user ratings towards

the top, rather than merely considering whether a user interacts with an item,

even if they subsequently give it a lower rating.

TABLE 3.4: Overall comparison of ranking performance. The best results
are highlighted in bold, and the second-best results are underlined.

Dataset ‘ Amazon-Office ‘ Amazon-Video Games

Method \ Recall@3  Precision@3 n-ndcg@3 ndcg@3 \ Recall@3 Precision@3 n-ndcg@3 ndcg@3
BPR-MF 0.04551 0.05240 0.10132 0.10060 0.01396 0.01683 0.03171 0.03126
PMF+P+N | 0.05266 0.06135 0.12289 0.12240 0.01318 0.01638 0.03049 0.02999
RnR 0.04625 0.05314 0.10240 0.10208 0.01443 0.01767 0.03176 0.03113
LightGCN | 0.05356 0.06191 0.11473 0.11401 0.01552 0.01919 0.03532 0.03485
IEL 0.06337 0.07298 0.13704 0.13623 0.01774 0.02160 0.03800 0.03790
%Improv. | 18.32% 17.88% 11.51% 11.30% | 14.30% 12.56% 7.59% 8.75%
Method \ Recall@5 Precision@5 n-ndcg@5 ndcg@5 \ Recall@5 Precision@5 n-ndcg@5 ndcg@5
BPR-MF 0.06164 0.04323 0.12002 0.11928 0.02104 0.01565 0.04139 0.04098
PMF+P+N | 0.06715 0.04744 0.13950 0.13894 0.01988 0.01525 0.03959 0.03897
RnR 0.06088 0.04268 0.11920 0.11864 0.02200 0.01619 0.04159 0.04086
LightGCN | 0.07381 0.05159 0.13733 0.13655 0.02383 0.01757 0.04545 0.04488
IEL 0.08057 0.05679 0.15650 0.15549 0.02706 0.01949 0.04897 0.04872
%lmprov. | 9.16% 10.08% 1219%  1191% | 13.55% 10.93% 7.74% 8.56%
Method ‘ Recall@10 Precision@10 n-ndcg@10 ndcg@10 ‘ Recall@10 Precision@10 n-ndcg@10 ndcg@10
BPR-MF 0.09000 0.03186 0.14649 0.14568 0.03657 0.01358 0.05706 0.05647
PMF+P+N | 0.09035 0.03266 0.16122 0.16045 0.03485 0.01331 0.05502 0.05426
RnR 0.09082 0.03236 0.14751 0.14694 0.03787 0.01402 0.05772 0.05678
LightGCN | 0.10664 0.03806 0.16781 0.16654 0.04212 0.01555 0.06333 0.06254
IEL 0.11204 0.04052 0.18692 0.18572 0.04722 0.01750 0.06961 0.06911
%Improv. | 5.06% 6.46% 11.39% 1152% | 12.11% 12.54% 9.92% 10.50%
Method | Recall@20 Precision@20 n-ndcg@20 ndcg@20 | Recall@20 Precision@20 n-ndcg@20 ndcg@20
BPR-MF 0.12614 0.02306 0.17485 0.17363 0.06565 0.01234 0.08067 0.07983
PMF+P+N | 0.12347 0.02294 0.18766 0.18673 0.06035 0.01159 0.07649 0.07560
RnR 0.12735 0.02324 0.17572 0.17482 0.06467 0.01221 0.07958 0.07855
LightGCN | 0.14680 0.02696 0.19844 0.19698 0.07239 0.01351 0.08779 0.08679
IEL 0.15942 0.02956 0.22275 0.22122 0.08120 0.01495 0.09577 0.09496
%Improv. | 8.60% 9.64% 12.25% 1230% | 12.17% 10.66% 9.10% 9.41%

3.4.3 Rating Prediction Performance

Table 3.5 summarises all rating prediction results of all models. Compared to its robust

performance in item ranking, PMF+P+N demonstrated weaker results in the rating
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prediction task. However, as a unified model, it still outperformed the classical sin-
gle model SVD++. Although SVD++ also utilised implicit item embeddings, it did
not employ a ranking algorithm for training. PMF+P+N achieved an improvement of
approximately 8% over SVD++ (except for a 3% improvement in MAE on the Office
dataset).

RnR can be considered the strongest baseline for rating prediction. It improved
SVD++ by around 10% on both metrics on the Office dataset and by 20% on the Video
Games dataset. Compared to PMF+P+N, RnR’s MSE and MAE on the Office dataset
exceeded PMF+P+N by approximately 3% and 8%, respectively, and by 12% on both
metrics on the Video Games dataset. This explains why, despite RnR not reporting rat-
ing prediction performance in their original paper, we included its performance in this
task in our evaluation. We hypothesised that RnR’s superior performance in rating pre-
diction was due to its explicit user/item embeddings being non-linearly transformed
from their respective implicit embeddings, thereby incorporating more information for
rating prediction. This rationale also underlay our similar approach to the final explicit
embeddings in this study.

IEL consistently yielded the best performance across both datasets, except for MAE
on Office. Although it did not exhibit a substantial advantage over RnR, it significantly
outperformed SVD++ and PMF+P+N.

TABLE 3.5: Overall comparison of rating prediction performance. The best
results are highlighted in bold, and the second-best results are underlined.

Dataset \ Amazon-Office \Amazon—Video Games
Method | MSE MAE | MSE MAE

SVD++ 0.04044 0.14185 | 0.07936 0.23000
PMF+P+N | 0.03703 0.13807 | 0.07349 0.20705

RnR 0.03587 0.12747 | 0.06434 0.18171
IEL 0.03570 0.12773 | 0.06266 0.18107
YImprov. ‘ 047%  -0.20% ‘ 2.61% 0.35%

3.4.4 Impact of Number of Layers

To investigate whether IEL can benefit from multiple message aggregation layers, we
varied the model depth on both tasks. Specifically, we searched the number of layers
within the range of {1, 2, 3, 4}.
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Item Ranking

Figures 3.3 and 3.4 show the ranking metrics@20 for different layer numbers on the
Office and Video Games datasets, respectively.

On the Office dataset, we observed that the NDCG metrics achieved their highest
values at three layers, while Recall and Precision were optimal at either two or four
layers. This indicates that the model’s performance with multiple layers surpasses
that with a single layer, suggesting that considering only first-order neighbours is in-
sufficient. High-order neighbour information is beneficial for embedding learning and
enhances model performance, consistent with previous GCN studies. Additionally,
the NDCG metrics showed a decline at four layers, possibly indicating the onset of
overfitting.

In contrast, IEL exhibited more consistent performance on the Video Games dataset,
with all metrics reaching their peak at four GCN layers. This suggests that there is po-
tential for further increasing model depth on this dataset, though exploring GCN depth
is beyond the scope of this study and is left for future work. We hypothesised that the
collaborative signal in the Video Games dataset is stronger, meaning that the incorpo-

ration of neighbour signals is more advantageous for learning node embeddings.
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FIGURE 3.3: Ranking performance of IEL with varying GCN layers on the
Amazon-Office dataset.

Rating Prediction

Figure 3.5 illustrated the MSE and MAE values for varying GCN layer numbers across
the two datasets. We observed that, similar to the item ranking task, a single GCN
layer, which considers only the first-order neighbours of the target node, did not yield
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4

optimal performance for the rating prediction task. This was evidenced by the ex-

perimental results, which generally indicated that the prediction error was minimised
with three layers on both datasets. Compared to MSE, the trend for MAE was more

pronounced, showing a clear decrease followed by an increase as the number of layers

increased.
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3.5 Discussion

ers across different datasets.
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Implicit and explicit feedback differ in both their semantics and their typical recom-

mendation objectives. Implicit interactions indicate that a user engaged with an item

but provide limited information about the strength or outcome of that preference,
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whereas explicit ratings directly encode evaluative information. Earlier unified recom-
mendation approaches showed that combining these feedback types could improve
recommendation performance (Liu et al., 2010; Jadidinejad et al., 2019), but they com-
monly established connections through shared representations, transformations be-
tween feedback types, or joint optimisation objectives. Some studies further incor-
porated neighbour information across feedback types (Bell and Koren, 2007; Koren,
2008a). The question addressed by IEL was therefore more specific: whether users and
items could retain feedback-specific representations while allowing these representa-
tions to exchange information through their collaborative neighbourhoods. This moti-
vated the research question: How can implicit and explicit feedback be integrated to
learn user and item representations that preserve feedback-specific information and
support both item ranking and rating prediction?

To address this question, IEL represented each user and item separately under im-
plicit and explicit feedback and constructed two corresponding user-item graphs. The
distinction between the two main methodological contributions of IEL is important.
Conceptually, IEL treated the four feedback-specific representations as distinct yet in-
terdependent, rather than forcing the same user or item embedding to represent both
feedback types. Technically, GCN-based inter-graph message passing was used to
implement this interdependence through neighbour information, whereas intra-graph
message passing captured collaborative relationships within each feedback type. The
contribution was therefore not simply the use of multiple embeddings or the use of
GCNs, but the use of graph propagation to connect feedback-specific representation
spaces while preserving their differences.

The selection of implicit item embeddings and explicit user embeddings as the main
bridges for inter-graph information exchange reflected a modelling hypothesis about
how behavioural and evaluative signals could complement each other. For an implicit
item, its explicit user neighbours represented users who had provided direct evalua-
tions of that item and therefore supplied information that was absent from the binary
interaction alone. Conversely, the implicit item neighbours of an explicit user repre-
sented the user’s broader interaction history and could provide behavioural context
for the relatively sparse explicit ratings. Inter-graph aggregation was performed be-
fore intra-graph propagation so that cross-feedback information could subsequently
be propagated through the collaborative neighbourhoods of the corresponding graph.

This design provided a relatively simple mechanism for allowing each representation
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to access information originating from the other feedback type. Nevertheless, the se-
lected bridge nodes and propagation order were design choices rather than uniquely
established solutions, and alternative cross-graph connections were not exhaustively
evaluated in this study.

The model development process also provided insight into the appropriate com-
plexity of graph propagation in this setting. The initial designs incorporated feature
transformations, non-linear activations, attention-based neighbour aggregation, and
edge learning, but these components did not improve ranking performance. The final
architecture therefore used simpler propagation and interaction functions, following
the general design principle of He et al. (2020). This result suggested that the benefit of
IEL arose primarily from how collaborative information was structured and exchanged
across feedback-specific graphs, rather than from increasingly expressive transforma-
tions of the node embeddings. In other words, introducing cross-feedback information
did not necessarily require a more complex GCN architecture to be useful.

The experimental results further showed that modelling feedback-specific embed-
dings as interdependent was beneficial relative to the compared single-feedback and
unified baselines. Within the evaluated configurations, incorporating higher-order
neighbours also improved representation learning in several settings. This finding in-
dicated that the relationship between implicit and explicit feedback was not restricted
to direct correspondence between the same user or item. Information propagated
through neighbouring users and items could also contribute to the representation of
a target entity. The significance of this result is that feedback integration can be per-
formed at the representation and neighbourhood levels, rather than only through shared
parameters or the combination of ranking and rating losses.

The benetfits of the two feedback types were nevertheless asymmetric. Explicit feed-
back contributed substantially to ranking performance. A likely explanation is that
rating values retained preference intensity that was absent from binary interactions,
allowing the model to distinguish between items with different levels of user satisfac-
tion rather than treating all observed interactions equally. This interpretation was also
reflected in the ranking results, where incorporating rating information improved the
ordering of items according to users’” expressed preferences.

In contrast, implicit feedback produced considerably smaller improvements in rat-
ing prediction. This result should be interpreted in light of the data construction used
in this study. The implicit graph was generated by binarising the same observed rat-

ings used to construct the explicit graph. Consequently, the two graphs contained the
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same user-item edges, while the implicit representation discarded the rating magni-
tude. The implicit graph therefore provided a different representation of the observed
interactions, but did not introduce additional behavioural observations such as views,
clicks, add-to-cart actions, or purchases. Its limited contribution to rating prediction
does not imply that independently collected implicit behaviour would generally be
uninformative for explicit preference prediction. Instead, the result showed that a bi-
nary transformation of the same rating observations provided relatively little addi-
tional information for estimating rating values. The RnR results (Hadash et al., 2018),
where the strongest rating prediction performance on both datasets was obtained with
a ranking-objective weight of 0.1, showed a similar asymmetry.

These findings also place IEL within the broader development of multi-behaviour
recommendation. Recent work increasingly preserves behaviour-specific interaction
structures while learning dependencies across different behaviours, rather than col-
lapsing heterogeneous behaviours into a single undifferentiated signal (Zhao et al.,
2024a; Kim et al., 2026). IEL shared this general motivation but addressed a differ-
ent setting: it explicitly connected implicit and explicit feedback representations and
jointly considered two recommendation objectives, item ranking and rating prediction.
Many multi-behaviour approaches instead use auxiliary behaviours such as clicks or
add-to-cart actions to improve the prediction of a designated target behaviour. The
findings of IEL therefore supported a broader principle that heterogeneous feedback
should retain its feedback-specific semantics while still permitting information transfer

between representation spaces.

3.5.1 Limitations and Future Work

The experimental findings also revealed several limitations that define clear directions
for future work. The first limitation concerned the construction of implicit feedback.
Following previous recommendation studies, the implicit graph was obtained by con-
verting observed ratings into binary interactions. The implicit and explicit graphs
therefore had identical connectivity, and the experiments did not reproduce the larger
volume or behavioural diversity of implicit feedback commonly observed in real sys-
tems. In addition, potentially different implicit behaviours were represented by a sin-
gle binary relation. This simplification prevented IEL from distinguishing, for exam-
ple, a view from an add-to-cart action or a purchase, even though these behaviours can

express different levels and forms of user intent.
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A direct extension would therefore evaluate IEL using independently recorded
multi-behaviour data and maintain different behaviour types as separate relations or
behaviour-specific graphs. Research on micro-behaviour modelling has demonstrated
the value of retaining fine-grained information about user actions, while multi-behaviour
recommendation has shown the importance of preserving behaviour-specific signals
and modelling dependencies across behaviour types (Zhou et al., 2018b; Yuan et al,,
2022; Zhao et al., 2024a; Kim et al., 2026). These studies provide useful starting points
for extending IEL from two feedback representations to multiple behaviour-specific
representations. Such an extension would allow the model to examine not only whether
implicit and explicit feedback are complementary, but also which behavioural signals
should transfer information to one another and how their contributions vary across
recommendation objectives.

A second limitation was that the same basic GCN propagation mechanism was ap-
plied to the implicit and explicit graphs, despite their different information content.
This design treated the connectivity structure as the primary signal and did not fully
exploit the ordinal information carried by rating values during graph propagation.
The stronger ranking results and weaker rating prediction results suggested that this
symmetric treatment might have favoured the implicit-feedback task. Recent work on
explicit-feedback GCNs has similarly argued that rating graphs require mechanisms
that distinguish different rating relations, and has explored rating-specific sub-graphs
and rating-aware embeddings for high-order propagation (Peng et al., 2025). Future
work could therefore replace the current explicit-graph propagation with rating-aware
message passing in which messages, edge representations, or relation-specific param-
eters depend on the observed rating value. This would preserve the simplicity of the
implicit graph while allowing the explicit graph to reflect the richer semantics of nu-
merical ratings.

A third limitation concerned the manually specified inter-graph architecture. IEL
selected particular representations as bridges and fixed the order in which inter-graph
and intra-graph propagation occurred. Although this design produced favourable re-
sults, the experiments did not establish that these connections or this propagation or-
der were optimal. Recent multi-behaviour graph models have increasingly learned
behaviour dependencies adaptively rather than relying entirely on fixed transfer struc-
tures (Zhao et al., 2024a). Future work could systematically evaluate alternative cross-
graph pathways and directions, or introduce learnable gating or attention mechanisms

that determine how much information should be transferred between feedback-specific
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representations. Such experiments would provide stronger evidence about whether
the effectiveness of IEL resulted from the particular information flow used in this study
or from the more general principle of cross-feedback neighbour aggregation.

Finally, IEL modelled whether interactions and ratings differed, but it did not ex-
plain why a behavioural signal and a subsequent explicit evaluation might diverge. For
example, a user could purchase an item, indicating initial interest, but later assign a low
rating because a particular product characteristic did not meet expectations. Treating
the low rating simply as a stronger or weaker numerical signal would not reveal this
underlying reason. A natural extension would combine the cross-feedback structure
of IEL with richer explicit information such as textual reviews and aspect-sentiment
signals. Review-based recommendation research has demonstrated that fine-grained
aspect information can expose user preferences and item characteristics that are hidden
by overall ratings (Zhang et al., 2014a). Connecting such information with behaviour-
specific representations could allow future models to identify not only that implicit
and explicit feedback differ, but also which item aspects contributed to the discrepancy.
This direction also provides a natural connection between IEL and the aspect-level rep-
resentation learning investigated in Chapter 4.

The present experiments were additionally restricted to two Amazon product cat-
egories. Although the datasets differed in size and density, they did not establish that
the observed cross-feedback relationships would generalise to substantially different
recommendation domains. Future evaluation should therefore include datasets con-
taining genuine multi-behaviour logs and explicit preference signals across different
domains. This would allow the proposed extensions to be evaluated under more real-

istic differences in feedback quantity, semantics, sparsity, and temporal patterns.

3.6 Conclusions

This study proposed IEL, a GCN-based unified recommendation model that repre-
sented users and items using distinct but interdependent embeddings under implicit
and explicit feedback. Rather than forcing the two feedback types to share a single
representation, IEL preserved their different semantics and connected the correspond-
ing representation spaces through intra-graph and inter-graph message passing. The
experimental results showed that this design outperformed the compared baselines in
item ranking and also improved rating prediction, although the gains were substan-
tially stronger for ranking.
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The main finding was that implicit and explicit feedback were complementary but
not equally informative for different recommendation objectives. Explicit ratings pro-
vided useful preference-strength information for ranking, whereas the binary feedback
derived from the same rating observations provided limited additional information for
predicting rating values. The results therefore suggested that unified recommendation
models should preserve feedback-specific information and should not assume that in-
formation transfer between feedback types is symmetric.

IEL answered the research question by demonstrating that distinct feedback-specific
representations could be learned jointly and connected through collaborative neigh-
bourhood information to support both ranking and rating prediction. More broadly,
the study showed that integrating heterogeneous feedback can involve relationships
between representation spaces and their neighbourhoods, rather than relying only on
shared embeddings or joint optimisation objectives. Future work should validate this
principle using independently collected multi-behaviour feedback and develop prop-
agation mechanisms that more explicitly reflect the semantics of different feedback

types.
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Chapter 4

DRL: Dynamic Representation

Learning

User-generated textual reviews provide fine-grained information about users’ opin-
ions towards item characteristics and have been widely used to complement user-
item interaction data in recommender systems (Zhang et al., 2014a; Wang et al., 2021).
Review-based recommendation methods can operate at different levels of granularity.
Topic-level methods extract latent themes from reviews (Hou et al., 2019; Wang et al.,
2023), whereas review-level methods encode entire reviews or review sequences (Luo
etal., 2019; Sun et al., 2021; Zhang et al., 2023a). Aspect-level methods instead focus on
specific item attributes and, where applicable, the sentiments expressed towards them
(Zhang et al., 2014a; Bauman et al., 2017; Wang et al., 2018; Chen et al., 2020b; Zhao
et al., 2023). In aspect-based sentiment analysis (ABSA), an aspect may be explicitly
mentioned in the text or implicitly inferred from its context (Hua et al., 2024). Aspect-
level recommendation can therefore provide structured information about which item
characteristics users discuss and how they evaluate those characteristics. Earlier rec-
ommendation studies commonly extracted such information using sentiment analysis
tools such as Sentires! (Zhang et al., 2014b).

Most aspect-level recommendation models derive aspect information from reviews
through two main steps. The first step involves extracting structured data related to
aspects from the text. This includes processes such as noise filtering, aspect identifica-
tion, and sentiment analysis. Figure 4.1 illustrates an example review where the user
assigned a perfect 5-star rating and provided textual comments to explain their evalu-
ation. The first sentence, "I saw the ad and I was in need of new PS2 memory cards, so
I ordered them" offers a broad context but does not convey any specific evaluation of

Ihttps://github.com/evison/Sentires
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Reviewed on 17 September 2012

| saw the ad and | was in need of new PS2 memory cards, so |
ordered them. The company shipped them out promptly. They
arrived in my mailbox in excellent condition. Fantastic job!!!

|

(delivery, prompt, +1), (condition, excellent, +1)

FIGURE 4.1: An example review from Amazon.com, along with two ex-

tracted triples (aspect, opinion phrase, sentiment polarity). Here, senti-

ment polarity is assigned a value of +1 for positive sentiment and -1 for
negative sentiment.

the item. The latter part of the review, however, details the reasons behind the user’s
satisfaction, from which aspects of the product, corresponding opinion phrases, and
inferred sentiment polarities can be extracted. For instance, in this review, the user
explicitly highlights two aspects, delivery and condition, indicating that the product
performed well in these areas. The second step involves leveraging this structured
data to construct user and item representations at the aspect level through various
methods (Wang et al., 2018; Xiong et al., 2021). In EFM-style formulations (Zhang
et al., 2014a), for example, a user’s attention to an aspect is estimated from how fre-
quently the user mentions it, while an item’s quality on that aspect is derived from
the frequency and sentiment of its mentions. Such structured aspect-level information
provides an interpretable representation of user preferences and item characteristics
that can subsequently be incorporated into recommendation models.

Aspect-level recommendation models can also support recommendation explana-
tions by exposing specific item characteristics that are associated with the predicted
preference (Zhang et al., 2014a). The representation used by a model often influences
the form of explanation it can provide (Zhang and Chen, 2020). Topic-level methods
may present representative words or topics (Hou et al., 2019), whereas review-level
methods can generate or select natural-language content associated with the recom-
mendation (Sun et al., 2020). Aspect-level explanations instead present a small set of
identifiable item attributes, allowing the explanation to be directly related to the user’s
modelled preferences and the item’s characteristics. This structured and concise form
of explanation motivated the focus on aspects in this study.
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In this study, aspect-level explainable recommendation refers to jointly predicting
a user’s overall rating and the positive aspects that the user is likely to associate with a
targetitem. Jointly modelling these outputs is non-trivial because the learned represen-
tations need to capture both overall user-item preference and fine-grained aspect-level
information. Previous studies have addressed this problem in different ways. Several
methods (Zhang et al., 2014a; Gao et al., 2019; Luo et al., 2019; Chen et al., 2020b) com-
bined ID-based latent representations with information derived from reviews, with the
review-related component supporting aspect prediction. In contrast, Wang et al. (2018)
incorporated the overall rating as a dummy aspect and represented rating and aspect
information within a unified prediction framework.

Despite these advances, an important question remains regarding how user and
item representations should depend on the current interaction. Several aspect-level
models construct general user and item representations from their historical reviews
and interactions, and use these representations across different target pairs. AARM
(Attentive Aspect-based Recommendation Model) (Guan et al., 2019) provides an im-
portant exception by modelling target-aware interactions between user and item as-
pects through attention. More broadly, target-aware recommendation research has
shown that the information used to represent a user can vary according to the can-
didate item (He et al., 2018b; Cao et al., 2023; Kim et al., 2024). For example, different
historical preferences may become relevant when the same user evaluates different
target items.

This study investigated a related but more specific problem in aspect-level rec-
ommendation: whether both the user and the item could be represented according
to their current interacting counterpart by combining collaborative information with
fine-grained aspect-sentiment information. For example, a user may place greater em-
phasis on "graphics" when considering one video game but on "story" when consid-
ering another, while different users may attend to different characteristics of the same
game. Throughout this chapter, we use the term dynamic representation specifically
to denote such interaction-dependent representation, rather than temporal changes in
representations over time. This motivated the following research question: How can
user and item representations be conditioned on each other to support both rating
prediction and aspect-level recommendation explanation?

To address this research question, we developed DRL (Dynamic Representation
Learning) with three main components. First, a rating-based GNN aggregated histor-

ical rating information from neighbouring users and items to learn general user and
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item embeddings. Second, an edge encoder represented the aspect-sentiment informa-
tion extracted from each review in the same latent space. The dynamic representation
layer then used attention to combine the general and edge representations associated
with the interacting counterpart, producing an item-dependent user representation
and a user-dependent item representation. Finally, the resulting representations were
used to predict the target rating and the positive aspects that the user was likely to
mention for the item.

For aspect-sentiment extraction, we used a pre-trained LLM, specifically ChatGPT,
through a prompt-based procedure to transform textual reviews into structured aspect-
sentiment information. Recent research has investigated LLMs for compound ABSA
tasks, including the extraction of aspects, opinions, and sentiment polarities, although
current evidence does not indicate that LLMs are universally superior to specialised
supervised ABSA models (Bai et al., 2024; Hua et al., 2024). As detailed later in this
chapter, the LLM-based procedure was adopted after a preliminary Sentires analysis
revealed several practical limitations for the Video Games corpus. This preliminary
analysis motivated the methodological choice but did not constitute a controlled com-
parison between the two extraction approaches.

Using the resulting aspect-sentiment data, we evaluated DRL on three public Ama-
zon review datasets. Models requiring aspect information were supplied with as-
pects derived from the same LLM-based extraction pipeline, so differences in their rec-
ommendation performance were not attributable to different aspect extraction meth-
ods. The experiments compared DRL with existing recommendation and aspect-level
baselines and included ablation studies of its main architectural components. DRL
achieved lower MSE/MAE than the compared baselines across all three datasets and
higher positive-aspect prediction performance under the offline Hit@N and Recall@N
metrics. These results provided empirical support for interaction-dependent represen-
tation learning under the evaluation setting used in this study.

Our main contributions can be summarised as:

¢ We developed DRL, an aspect-level recommendation framework that combined
general collaborative representations with interaction-specific aspect-sentiment
information to construct interaction-dependent user and item representations for

rating and aspect prediction.

¢ Across three public Amazon datasets, DRL reduced MSE by an average of 5.1%
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relative to the strongest compared baseline and improved Hit@1 for positive-
aspect prediction by an average of 4.8%. The ablation experiments further exam-

ined the contributions and limitations of the main architectural components.

* We used an LLM-based extraction procedure to construct structured aspect-sentiment
data from three public review datasets. These datasets supported the aspect-level
recommendation and evaluation conducted in this study and provide resources
for further research.

4.1 Related Work

Chapter 2 provided a broader review of recommendation methods, review-based rec-
ommendation, and explainable recommendation. The purpose of this section is nar-
rower: it focuses on studies most directly related to the design of DRL. Specifically, we
examine aspect-level representation learning, target-aware and interaction-dependent
representations, and methods for generating and evaluating recommendation expla-
nations. This focused discussion positions DRL relative to the methodological choices
most relevant to this chapter rather than repeating the broader literature reviewed in
Chapter 2.

In recent years, aspect-based recommendation models (see Table 4.1) have gained
significant attention for their ability to capture fine-grained user preferences and item
characteristics, enabling more personalised and meaningful recommendations. Some
of these models not only predict user-item interactions but also enhance transparency
and user trust by providing explanations that highlight specific aspects contributing
to a recommendation. The development of these models encompasses a variety of
methodologies for generating user-item ratings and aspect-level explanations, reflect-

ing the increasing emphasis on explainable recommendation systems.

4.1.1 Aspect-Level Models

To the best of our knowledge, Zhang et al. (2014a) pioneered aspect-level explainable
recommendation. Inspired by matrix factorisation techniques applied to the user-item
rating matrix, Zhang et al. (2014a) developed a user-aspect attention matrix and an
item-aspect quality matrix to jointly learn explicit user factors, explicit item factors,
and aspect factors. Acknowledging the limitations of explicit factors in fully explain-

ing a rating, they additionally incorporated latent user and item factors, which were
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TABLE 4.1: Representative models utilising reviews.

Model Review Granularity GNN Rec Obj Explanations
EFM Aspect-level - Both For users
(Zhang et al., 2014a) (Aspect, Sentiment) (Aspect-based template)
MTER Aspect-level - Ranking For users
(Wang et al., 2018) (Aspect, Opinion, Sentiment) (Aspect-Opinion-based template)
DEAML Aspect-level - Rating  For users
(Gao et al., 2019) (Aspect, Sentiment) (Aspect-based template)
HDE Review-level - Rating ~ For model designers
(Luo et al., 2019) (Aspects used as supervision for (Aspect hit)

review embeddings)
AARM Aspect-level - Ranking -
(Guan et al., 2019) (Aspect)
A2CF Aspect-level - Ranking For users
(Chen et al., 2020b)  (Aspect, Sentiment) (Aspect-based template)
MA-GNNs Review-level GAT Ranking -

(Zhang et al., 2023a) (Aspects used as indicators for
learning review embeddings)

ContGraph Aspect-level Bayesian GAT Both -

(Zhao et al., 2023) (Aspect)

DRL Aspect-level GNN Rating  For users

(our method) (Aspect, Sentiment) (Aspect-based template)

concatenated with their respective explicit factors to better model the rating. In Zhang
et al.’s work, user attention was quantified based on the frequency with which as-
pects were mentioned in user reviews, while item quality was captured through the
frequency of aspects appearing in item reviews and the average sentiment associated
with those aspects. Building on this intuitive and effective foundation, numerous sub-
sequent studies (Wang et al., 2018; Gao et al., 2019; Chen et al., 2020b) adopted their
approach to develop user and item representations at the aspect level. Our proposed
model also leveraged this methodology, which will be elaborated upon in Section 4.2.

Wang et al. (2018) extended Zhang et al. (2014a) by introducing the dimension of
the opinion phrase. Specifically, they constructed three tensors: a user-item-aspect
tensor for the final recommendation task, and two additional tensors, user-aspect-
opinion and item-aspect-opinion. Notably, they incorporated the rating as a dummy
aspect appended to the user-item-aspect tensor. Inspired by this approach, our model
also adopted a similar method and further investigated its effectiveness. Gao et al.
(2019) integrated a hierarchical aspect structure to capture the semantic hierarchical
relationships among aspects. For instance, the child aspect "beef" is represented as a

sub-concept of the parent aspect "meat". Given the limited expressiveness of matrix
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factorisation-based methods, which model pairwise interactions in a linear manner,
Chen et al. (2020b) employed a residual feed-forward network to estimate the unob-
served values in the user-aspect attention matrix and the item-aspect quality matrix.
While Luo et al. (2019) represented users and items at the review level, utilising review
embeddings as input, they employed the user-aspect attention vector and item-aspect
quality vector as supervisory signals for optimising the review embeddings. Conse-
quently, we regard their approach as falling under aspect-level methods.

Guan et al. (2019) incorporated semantic aspect embeddings and modelled inter-
actions between the aspects associated with a user and those associated with a target
item. Its attention mechanism allowed the relative importance of user-side aspects
to depend on the candidate item, making it particularly relevant to the interaction-
dependent problem investigated in this chapter. However, Guan et al. (2019) used
aspect information without explicitly incorporating the corresponding sentiment po-
larities and was originally designed for top-N recommendation. DRL differed by com-
bining general collaborative representations with aspect-sentiment information and by
constructing interaction-dependent representations for both users and items for rating
and aspect prediction.

As Graph Neural Networks (GNNs) have proven effective in learning embeddings
by aggregating high-order neighbour information, several methods have integrated
this technology into aspect-level recommendation models. Zhang et al. (2023a) in-
stead used aspects as indicators for learning review representations and constructed
aspect-aware user and item representations through GAT-based propagation. Zhao
et al. (2023) similarly incorporated users, items, and aspects into graph-based repre-
sentation learning. These methods demonstrated the value of graph propagation for
incorporating aspect information, but their final recommendation representations were
not explicitly constructed according to the current user-item counterpart. In DRL, the
GNN was therefore used to learn general collaborative representations, which were
subsequently conditioned on the target interaction through the dynamic representa-

tion layer.

4.1.2 Target-Aware and Interaction-Dependent Representations

The idea that a user’s representation should depend on the current recommendation
target predates this study. NAIS (He et al., 2018b) used attention to assign different im-
portance to items in the user’s interaction history according to the target item. RTANet
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(Cao et al., 2023) extended this principle to network representation learning by con-
structing user embeddings that varied according to the recommendation target. More
recently, MONET (Kim et al., 2024) introduced target-aware attention into multime-
dia recommendation, using the multi-modal features of a candidate item to identify
historical information that was particularly relevant to that target. These studies pro-
vided evidence that a single target-independent user representation may not capture
all preference information relevant to individual recommendation decisions.

DRL was related to this line of research but addressed a different setting. Rather
than conditioning only the user representation on a target item, DRL constructed both
an item-dependent user representation and a user-dependent item representation. It
also incorporated review-derived aspect-sentiment information into this conditioning
process and used the resulting representations for both rating prediction and aspect-

level explanation.

4.1.3 Explainable Recommendation Models

Aspect-level models differ in their objectives for providing recommendation explana-
tions, the methods they employ, and the approaches used to evaluate the quality of
these explanations. Zhang et al. (2014a) and Gao et al. (2019) utilised explanations
to persuade users to click on (or purchase, etc.) the recommended item, focusing on
the objective of persuasiveness. Specifically, for each user and a recommended item,
Zhang et al. (2014a) chose the aspect in which the item performed best among the
user’s most cared k aspects, using it as a personalised explanation. To evaluate the
impact of these explanations on user behaviour (e.g., Click Through Rate), they con-
ducted an online experiment on an e-commerce website. Gao et al. (2019) introduced a
utility-based method to select aspects with the highest utility scores as the recommen-
dation explanation. To assess the persuasiveness of their explanations, they conducted
a user study to compare their method against other baselines. Nevertheless, both on-
line experiments and user studies often face constraints such as labour intensity, time
consumption, and sampling biases, potentially limiting their feasibility for large-scale
applications (Pan et al., 2020).

Moreover, some research has adopted quantitative approaches to measure the qual-
ity of generated explanations. Luo et al. (2019) designed a metric to determine the

percentage of recommended items for which the model can successfully generate an
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explanation. Under their approach, for each user and recommended item, if there ex-
ists at least one aspect in the user’s most cared aspects where the recommended item
outperforms the not-recommended items, the recommendation is deemed explainable.
Notably, their method does not rely on the ground truth, namely the aspects of the re-
view in the test set. However, if aspect-level models can predict the aspects that matter
to users and where the item excels, information retrieval metrics (e.g., Precision@k,
Recall@k, etc.) can be applied to check whether these aspects do indeed appear in the
ground truth (Tan et al., 2021). Wang et al. (2018) evaluated their model by selecting
the top 20 aspects and top 50 opinion phrases as recommendation explanations. Yet,
choosing too large a k can compromise conciseness and usability, given users” limited
time and attention for reading lengthy explanations (Chen et al., 2020b). In this study,
we therefore selected only a small number of aspects (fewer than five) as our recom-
mendation explanation. Details of the evaluation procedure are provided in Section
4.4.2.

The present study therefore focused on a narrower explanation form. Rather than
generating unrestricted natural-language explanations, DRL predicted a small number
of aspects linked directly to its modelled user preferences and item characteristics. This
provided a structured and model-grounded explanation target that could be evaluated
offline against aspects appearing in held-out reviews. As discussed later in this chapter,
this evaluation measures aspect-prediction performance and should not be interpreted

as a direct measure of user-perceived explanation quality.

4,2 Preliminaries

This section introduces the method proposed in EFM (Zhang et al., 2014a) for repre-
senting users and items at the aspect level, based on aspects and their corresponding
sentiments extracted from reviews. Many subsequent studies adopt this approach by
constructing two matrices to represent each user’s attention to aspects (the User-Aspect
Attention Matrix, see Section 4.2.1) and each item’s quality across aspects (Item-Aspect
Quality Matrix, see Section 4.2.2). In this study, we also adopted this intuitive and effec-
tive method. Specifically, aspect-sentiment pairs (a,s) were derived from each textual
review using aspect-based sentiment analysis. For positive sentiments, s was assigned
a value of +1, while for negative sentiments, s was assigned a value of -1. For instance,
the movie review "The special effects were what I expected, but the plot is boring" can
be processed into two aspect-sentiment pairs: (special effects, +1) and (plot, -1). After
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processing all reviews, an aspect set A = {ay,4a,...,a,} was generated, encompass-
ing all aspects mentioned within the dataset, where p is the total number of aspects.
Finally, for each user, we counted the total number of times they mentioned each as-
pect. Meanwhile, for each item, we summed the sentiment polarities it received for
each aspect.

4.2.1 User-Aspect Attention Matrix

Each element in the user-aspect attention matrix quantifies the degree to which a user
is concerned with a specific aspect:

0, if user u; does not mention aspect ay,
Xin = ) ' (4.1)
1+ (N-— 1)(1+7 — 1), otherwise,

ih
where t;; represents the frequency with which user u; has mentioned aspect a;, across
all their reviews, and [1, N] denotes the range of ratings that users can assign on the
platform. In many real-world five-star reviewing systems, such as Amazon and Yelp,
N is typically set to 5.

4.2.2 Item-Aspect Quality Matrix

Each element in the item-aspect quality matrix quantifies the quality of an item with
respect to a specific aspect:

0, if aspect ay, of item v; is not mentioned,
Yj, = 4.2)

14+ N=L  otherwise,
14e Jh

where s, represents the aggregated sentiment polarity for aspect a; across all reviews
of item v;. Similar to Equation 4.1, the value is also rescaled to fall within the range
[1, NJ.

4.3 Proposed Model

In this study, we propose a Dynamic Representation Learning (DRL) model for users
and items. The architecture of DRL is depicted in Figure 4.2. Our model consists of
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FIGURE 4.2: The architecture of DRL. (i) A rating-based GNN layer that generates general em-
beddings for users and items. (ii) A dynamic representation layer that utilises an edge encoder
to transform aspect information into edge embeddings and an attention mechanism to gener-
ate interaction-dependent embeddings. (iii) A prediction layer that integrates the user and item
interaction-dependent embeddings to predict the rating and identify the positive aspects.
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three layers: (i) a rating-based GNN layer, which aggregates high-order neighbour in-
formation for users/items based on historical ratings to update their representations;
(ii) a dynamic representation layer, designed to capture the user embedding in the con-
text of the specific item and the item embedding in the context of the particular user;
(iii) a prediction layer, which includes the rating prediction for the target user and item,
as well as predictions for their respective aspect attention vector and aspect quality vec-
tor. A key design choice is that aspect information is not introduced as a third node
type in the collaborative graph. Instead, the rating-based GNN is used to learn gen-
eral collaborative representations from user-item interactions, while review-derived
aspect-sentiment information is retained at the interaction level and incorporated by
the subsequent dynamic representation layer. This separation allows the model to
examine interaction-dependent representation learning without simultaneously intro-
ducing a user-item-aspect graph structure. The details of these three components will

be elaborated in the following sections.

4.3.1 Rating-Based GNN Layer

We argue that different neighbouring nodes contribute to the target node with vary-
ing degrees of importance. Thus, when aggregating information from neighbours, we
assigned different weights to each neighbouring node. An inherent source of user-
labelled information, such as rating values, can serve as the weight for neighbouring
nodes. For example, within a user’s rating history, items rated with 5 stars should
better reflect the user’s preferences than those rated with 1 star. Similarly, among the
users who rate an item, those who give higher ratings may provide more represen-
tative information about the item’s characteristics than those who give lower ratings.
Therefore, when aggregating a user’s neighbour information at each GNN layer, we
assigned different weights to each item based on its softmax-transformed historical
rating. The same approach was applied for each item’s aggregation of user informa-
tion.

To further elaborate, we now introduce the rating-based GNN from two perspec-
tives: the user-side GNN and the item-side GNN, which separately generate user em-
beddings and item embeddings across different layers. Once the user-side and item-
side embeddings at each layer have been computed, we independently integrated the
representations on each side by aggregating all layers, thereby deriving final embed-
dings for both users and items. We treated the user and item embeddings generated
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from the GNN layer as the inherent features of users and items. Therefore, we refer to

them as the user/item general embedding.

User-Side GNN

l+1
Z rzk vk ’

keN;
© (4.3)
, explri)
Tik = 7
Zk’e/\fi eXP(”zk’)
where uEZH) denotes u;'s embedding at layer I + 1, AV is the user’s interaction history

set, and r;;, represents the rating u; gives to vy.

Item-Side GNN
l+1 Z rt] ut )
teN;
Mo eXp(rtj)
ty Ztle_/\/’], exp(rt/]-) !

(4.4)

(1+1)

where v j denotes v;’s embedding at layer [ + 1, V] is the item’s interaction history

set, and r;; represents the rating that u; gives to v;.
Layer Combination

After obtaining the embeddings from each layer, we used a self-attention mechanism

to integrate the information from each layer to produce the final embedding:

L
=Y i, (4.5)
1=0
ST IR0
v =) B (4.6)
I=0

with «;; and §;; are computed as follows:

exp(a/
— M (X;,l = “TLeakyReLU(Waugl) + btx)l (47)

13;.,1 = ’BTLeakyReLU(W/gv](l) +bg), (4.8)
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where W,, Wg € R4 and b,, bﬁ, ay, B < R? are learned parameters.

4.3.2 Dynamic Representation Layer

Each user’s or item’s associated reviews may contribute differently when the entity is
considered with different interaction partners. Accordingly, the Dynamic Represen-
tation Layer constructs interaction-dependent representations rather than temporally
evolving ones. For a target user-item pair, the general embedding of one entity is used
as the query to weight the other entity’s general embedding and historical review-
derived edge embeddings. This allows the user representation to vary across target
items and the item representation to vary across target users. The following sections
describe the edge encoder and the construction of the interaction-dependent user and
item embeddings.

Edge Encoder

Based on the extracted aspects and their corresponding sentiments, each review can be
expressed as a list of (a,s) pairs. When encoding each review that u; gives to v;, we
first represented it as a vector a;; = [aijl, Aijp, "+, ai]-p] of length p, where p is the total
number of aspects. Each element in the vector is calculated as follows:

0, if aspect g, is not mentioned by u; about v;,

Ajjn = (4.9)

1+ ; fr\i ili].h , otherwise,
where s;j, represents the summation of all sentiments that u; expresses on v;’s aspect
ay.

This sparse vector can be directly transformed into a dense embedding for subse-
quent calculations in the Dynamic Representation Layer. However, to better capture
semantic information from the reviews, we pre-trained an aspect embedding matrix
W, € R%*? and then performed matrix multiplication between this sparse vector and
Wy, producing a dense and semantically enriched vector. This approach aims to cap-
ture potential similarities and correlations among aspects. Table 4.2 presents the top
10 most frequent aspects across each dataset’. Notably, some aspects share semantic
resemblance, such as "song" and "music" in Amazon-CDs & Vinyl, as well as singu-
lar and plural forms of the same aspect in Amazon-Video Games, like "graphic" and

2The datasets and the process of extracting aspects are described in detail in Sections 4.5.1 and 4.5.2.
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"graphics".> Additionally, there are related aspects, such as "usability" and "function-
ality" in Amazon-Office. Therefore, considering the semantic information of aspects
enables each review to incorporate both sentiment information and an enhanced level
of semantic richness. Consistent with previous research (Guan et al., 2019), the param-

eters of Wy remain fixed during training.

TABLE 4.2: Top 10 of filtered aspects in each dataset.

Dataset Top 10 Aspects

Office price, durability, quality, design, color, size, usability, appearance, functionality, performance
Video Games gameplay, graphic, story, game, price, character, control, difficulty, graphics, multiplayer
CDs & Vinyl  album, song, track, music, cd, lyric, sound, vocal, guitar, band

We argue that, beyond aspect information extracted from reviews, each edge should
also encode rating information. Unlike the rating-based GNN layer, where the rating
value serves as a weight for neighbour information, we incorporated the rating as an
explicit feature within the edge’s attributes in the dynamic representation layer. This
approach reflects a practical scenario in which users consider both an item’s perfor-
mance across various aspects and its ratings when making decisions. From a mod-
elling perspective, the rating value thus functions not only as a final training target
but also as an active feature in model training. Therefore, we treated the rating as a
"dummy" aspect when representing edges. Specifically, each edge is initially repre-
sented as an aspect vector a;; = [ﬂiﬂ,ﬂijz, . ,ai]-p,ri]-] of length p + 1, with the final
element denoting the rating value. Correspondingly, we introduced a dummy embed-
ding wy € R% as a trainable parameter, which multiplies with the dummy aspect (i.e.,

the rating value) to be integrated into the edge’s representation.

é,‘j = tfli]' & [WA| |wd]T, (4.10)

where ® and || denote matrix multiplication and concatenation operation, respectively.
Finally, a trainable matrix Wi z,s € R4 da maps the edge from the pre-trained semantic

vector space to the vector space of the recommendation task.

eijj = thnséij- (4.11)

3Despite setting extraction rules within the prompt, minor inconsistencies are expected when using
a generative language model to extract aspects.
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Dynamic User Embedding

We employed an attention mechanism to learn the interaction-dependent user embed-
ding during interactions. Specifically, we used the item’s general embedding v; learned
from the rating-based GNN layer as the query, while the user’s general embedding u;
and the user’s edge embeddings e;; (k € N;) learned from the Edge Encoder module
serve as the keys and values. In other words, the keys and values for each user remain
constant, but different attention scores are generated when interacting with different

items (the queries):

&;; = a ' LeakyReLU(W,v; + Wyu;), (4.12)
2 — & LeakyReLU(W,u; + ex), (4.13)

where & € RY, W, and W, € R%*? are learned weights. These attention scores are nor-
malised across the target i and all neighbours k € N; using softmax, and the attention
function is defined as:
exp(&;;) ; ex (&(j))
& = ij o ](CJ) _ P .
exp(&ij) + Lpen; eXP(&,(Z/))

- NG , (4.14)
exp(&ij) + Len; exp(&yr)
This results in a interaction-dependent user embedding, conditioned on the item’s

general embedding;:

ul(j) = ReLU(a;ju; + ) “;gj)eik)- (4.15)
keN;

Please note that j ¢ N, indicating we excluded the target edge e;; from the user’s

historical edge set.

Dynamic Item Embedding

For learning interaction-dependent item embeddings, we applied the same method as
learning interaction-dependent user embeddings but with different parameters. The

calculation of attention scores is as follows:

Bii = B LeakyReLU(W,u; + W), (4.16)
ﬁgi) = ﬁTLeakyReLU(Wuui + ey)), (4.17)
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where t € Nj, B € RY, W, and Wg € R?*4 are learned weights. Before generating
the interaction-dependent embeddings, the attention scores are processed through a

softmax function.

3. , 3(i)
ﬁi' _ R exp(lBIJ) O ﬁgl) — - exp(;Bt ) T (418)
exp(Bij) + Lren; exp(By’) exp(Bij) + Lyen; exp(By’)

We also excluded the target edge e;; from the item’s historical edge set, i.e., i ¢ N

v](i) = ReLU(B;jv; + Z ,Bgi)et]'). (4.19)
teN;

4.3.3 Prediction Layer

Our model includes two prediction targets: one is the user’s overall rating for the item,
and the other is the user’s aspect-level review of the item. The aspect-level review rep-
resents the user’s ratings across various aspects of the item, with higher scores indicat-
ing greater satisfaction with the item’s performance on that particular aspect. Conse-
quently, we can identify the highest-scoring aspects as reasons for recommending the
item to the user. In the following sections, we will provide a detailed description of
both the rating prediction and aspect-level review prediction.

Rating Prediction

()

i

The interaction-dependent embeddings u.”’ and v]-(i), generated by the Dynamic Rep-
resentation Layer, capture the interaction-specific information for the user and item,
respectively. We concatenated and passed them through two fully connected layers to

produce the final predicted rating:
7ij = ReLU(W, ReLU(W, - [u)[|o])), (4.20)
where W; € R%*24 and W, € R?, and || denotes the concatenation operation.

Aspect-Level Review Prediction

For aspect-level review prediction, the interaction-dependent embeddings of the user
and item, containing their respective historical review information, are processed through

individual fully connected layers to generate the user attention vector £ and the item
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quality vector §J. Specifically, ' is mapped to a vector x} of length p + 1 first:

1

¥} = ReLU(Wyyu)), 4.21)

where Wy, € R(PHD*4 are learned weights. Since aspects and the rating are encoded
within the edge information, we treated the first p values of x} as the predicted user
attention vector £; = x;[: —1] = [£y1, £ip, - - - , £;p] for aspects. The last value can be seen
as the user’s rating tendency, which is discarded in our model. For predicting the item

quality vector §j; = y;[: —1] = [§j1,9j2,- - ,Jjpl, we adopted the similar method:
y; = ReLU(Wyuqy0\"), (4.22)

where W, € R(P+1)*d are learned weights.
Finally, we applied a matching approach, specifically the element-wise multiplica-

tion of £; and §;, to generate the user’s aspect-level review of the item:
aij = %09 = [2ndp, 2obp, - Riplip)- (4.23)

Our recommendation rationale is likewise derived from this predicted aspect-level
review. We hypothesised that an aspect should only serve as a recommendation reason
if the user values that aspect and the item performs well on it. Accordingly, we ranked
aspects based on the product of the user’s attention on each aspect and the item’s
quality for that aspect. The top N aspects with the highest values are then selected to

construct the recommendation explanations:
{ﬁijlrﬁijZI <. /ﬁijN} = arg tOpN(fli]'). (4.24)

For simplicity, we omitted the user and item subscripts and represented the aspects

serving as personalised explanations as {d,42, -+ ,dN}.

4.3.4 Model Training

The loss function for training the model consists of three components: rating prediction
loss I, aspect prediction loss, and a regularisation term lreg. All three use L, loss. The

aspect prediction loss is composed of the user attention loss /4, and item quality loss
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lquay across aspects.

1
= Z {ll’ + Al (lattn + lquay) + /\ereg}/ (4.25)
|Rtmin’ (

i/j) eRtmin

where Ry, denotes the training set consisting of user-item interaction pairs (i, ), A
and A, are hyperparameters that adjust the contribution of each component to the total
loss. The rating prediction loss is calculated as follows:

lr = (171‘]' — 1’1']‘)2, (4-26)

where 7;; and r;; are the predicted rating and the real rating, respectively.

For l,4, and 1,,,,,;, we only calculated the non-zero entries in the ground truth values
qual Yy &

of x; = [xi1, Xi2,- -+, xip] and yj = [yj1, Yjo, - Yjpl:

p
Latn = Y, 1(xin # 0) - (Rin — xin)?, (4.27)
=1
’ 2
lquay = Z I(yjn # 0) - (Gjn — vjn)" (4.28)
=1

where I(+) is an indicator function.

In addition to L, regularisation, we also applied dropout following the softmax
operation during the generation of interaction-dependent user/item embeddings, as
well as after mapping them to the predicted user attention and item quality vectors, to
avoid overfitting.

4.4 Explanation Format and Evaluation

As described in Section 4.3.3, our model DRL can generate one or multiple aspects
{a1,8y,- -+ ,4N} as personalised recommendation explanations. In this section, we in-

troduce the format of the explanations and the method for evaluating them.

4.4.1 Explanation Format

For items with the predicted rating exceeding 3 (7;; > 3), we recommend them to users
along with relevant recommendation reasons. Building on previous research (Zhang
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et al., 2014a) that provides aspect-level explanations, we adopted a similar template to
deliver personalised explanations to users when recommending an item. The template

is shown as follows:

We recommend this product [v;] because you may be satisfied with its [41] and [4].

We selected the top two aspects for explanation, as our model achieved a hit ratio
of the ground truth exceeding 50% across all datasets when providing two aspects.

4.4.2 Explanation Evaluation

To evaluate the explanation performance of our model, we adopted both quantitative
methods, based on offline formula-based evaluation, and qualitative analysis through
case studies.

For the formula-based evaluation, we used aspects extracted from reviews as the
ground truth, a method similar to previous work (Tan et al., 2021). Specifically, from
each positive review (r;; > 3) that user u; provided for item v;, we extracted all aspects
with positive sentiments, represented as p;; = [pij1, pij2, - - -, Pijp]- Here, p;j is a binary
vector, where each element p;j;, equals 1 if user u; mentioned aspect a; with a positive
sentiment, and p;; = 0 otherwise. For each user-item interaction pair, we employed

Hit@N, Recall@N, and Precision@N to evaluate the explainability performance:

1, ifIn € {1,2,---,N} such that g, € {ah‘Pijh =1},

Hit@N = (4.29)
0, otherwise,
Ay,8y, - an Y N {ay|pin = 1
RecalleN = [, B2 g} { h‘pljh }’, (4.30)
Y1 Pijn
Ay, 8y, any N {ay|pin = 1
Precision@N = |72 N O AP = 1] (4.31)

N

In these evaluation metrics, Hit@N denotes whether at least one of the N provided

aspect explanations matches a positive aspect expressed in the user’s actual review.

Recall@N measures the proportion of all positive aspects that are covered by the N

selected aspects, while Precision@N represents the proportion of the N selected aspects

that are indeed positive. Finally, we reported the average scores of all pairs as the final
Hit@N, Recall@N, and Precision@N.
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When quantitatively evaluating the quality of recommendation explanations gen-
erated by the model, we considered two settings based on different review selection
criteria: reviews associated with actual ratings greater than 3 versus those associated
with predicted ratings greater than 3.

First, we used reviews linked to actual ratings greater than 3 as the ground truth.
This setting directly reflects the model’s ability to generate explanations for items that
users genuinely appreciated. Although in practice the system predicts high-rated items
before presenting them with explanations, this evaluation isolates explanation quality
by assessing whether the model can accurately capture the positive aspects of items
that users truly liked. Importantly, this setting enables fair model comparisons, as it
ensures a consistent ground truth by relying on real positive user feedback.

Second, to simulate a real-world deployment scenario in which the model only rec-
ommends items with predicted ratings above 3, we additionally evaluated explanation
performance based on reviews associated with such items. This supplementary setting
assesses whether the explanations are convincing within the scope of items the model
itself decides to recommend. However, this approach may introduce inconsistencies in
the ground truth when comparing different models. For example, if a model predicts
a rating of 3 or below for a user-item pair, that instance would be excluded from the
evaluation even when the actual rating was greater than 3 and therefore represented
a positive user evaluation. Although prediction errors may introduce noise into this
evaluation, it remains valuable for understanding the model’s expected behaviour un-
der real deployment conditions.

In addition to the offline formula-based evaluations, we conducted case studies
to provide a more detailed and intuitive understanding of the model’s explanation
quality. Specifically, we presented examples showing the predicted ratings and aspects
alongside the actual ratings and user reviews. This qualitative analysis complements
the quantitative results by illustrating how well the model’s generated explanations
align with real user opinions in individual cases, helping to identify strengths and
potential limitations that may not be fully captured by aggregate metrics.

4.5 Experiments

In this section, we introduce the experimental setup, including dataset preparation

steps such as extracting aspects and their sentiment polarity from reviews, removing
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infrequent aspects, and generating semantic embeddings for the remaining valid as-
pects. Additionally, we outline the key characteristics of the baselines and all parame-
ter configurations. The experimental results encompass a comprehensive evaluation of
our model, DRL, against all baselines in terms of rating prediction and explainability,
an analysis of the impact of varying GNN layer depths on DRL’s performance, and the
results of ablation studies conducted to assess the contributions of specific components
within our model.

Before adopting the LLM-based extraction procedure, we conducted a preliminary
analysis using Sentires, a phrase-level sentiment analysis toolkit that extracts aspect-
opinion-sentiment triplets from textual reviews. This analysis was performed on the
original, unprocessed Amazon Video Games review corpus and was used to assess the
suitability of the extracted aspects for the downstream representation learning task.

Sentires extracted 5,012 distinct aspects from the corpus. However, several issues
were observed. First, the extracted vocabulary was highly fragmented. Semanti-
cally similar expressions and morphological variants were represented as separate as-
pects, such as "price", "buy"”, and "purchase"”, or "game", "games", "play”, "playing",
and "plays". Second, some extracted terms were incomplete without their surrounding
context. For example, "fan" and "mode" frequently occurred as parts of more infor-
mative expressions such as "Zelda fan" or "multiplayer mode". Third, a number of
highly frequent extracted terms, such as "play", "product”, and "features", provided
limited information for distinguishing fine-grained user preferences or item charac-
teristics. Other domain-specific terms were also difficult to interpret consistently as
preference-bearing aspects without considering their local context.

The extraction was also sparse at the review level. Of the 497,577 reviews in the
Amazon Video Games corpus?, 202,157 did not contain an aspect-opinion-sentiment
triplet identified by Sentires. Across the extracted vocabulary, users discussed an aver-
age of 11.4 aspects and items an average of 24.5 aspects, corresponding to user-aspect
and item-aspect densities of 0.23% and 0.49%, respectively. Part of this sparsity may
have reflected the nature of game reviews themselves, some of which primarily de-
scribe gameplay, context, or personal experiences without expressing an explicit evalu-
ative opinion about a particular item feature. It may also have resulted from limitations
of the extraction procedure.

4https://nijianmo.github.io/amazon
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These observations motivated us to explore an LLM-based approach for construct-
ing the aspect-sentiment data used in this study. Rather than relying only on surface-
level aspect-opinion expressions, the LLM could be prompted to identify contextually
relevant aspects and their sentiment polarities, including aspects that were implied by
the review rather than expressed using a predetermined surface form. Recent ABSA re-
search similarly distinguishes explicit aspect terms from implicit aspects inferred from
context and has increasingly investigated generative language models for such tasks
(Hua et al., 2024). Importantly, the preliminary Sentires analysis was not designed as
a controlled benchmark against the LLM-based method. Because it was conducted on
the original corpus using a different processing pipeline and without manually anno-
tated ground truth, it did not establish that the LLM extraction was generally more
accurate than Sentires. Instead, it provided corpus-specific evidence that motivated
the alternative extraction strategy adopted in this thesis.

4.5.1 Extraction of Aspects and Corresponding Sentiment Polarity

def generate_prompt(dataset, examples, review):
return £ """
Your task is to analyse product rev and extract product features with their sentiment
SC from the {dataset} dataset. u can either extract explicit features mentioned in the
re or infer appropriate features from the context.
You must strictly adhere to the following rules:
1. Normalise features (e.g., convert to lowercase and singular form) and apply appropriate
as stemming or lemmatisation.
2. only a n the feature ‘overall’ if no specific features can be extracted or inferred
from the review.
3. Follow the output format exactly as shown in the examples: [(feature, sentiment)].

4. Do not output your analysis process. Only provide the final features with their sentiment

sC

Here are examples:

{examples}

Please analyse the rev below, delimited by triple backticks, and provide the features
with their sentiment scores:

T

{review}

v

FIGURE 4.3: Python code for generating prompts to extract or infer structured (aspect, senti-

ment score) pairs from textual reviews. The function takes the current dataset, examples, and

the target review as inputs, and encodes detailed task instructions, including four explicit rules
for the model to follow.

We employed an LLM with prompt engineering to extract aspects and their corre-

sponding sentiment polarity from reviews, using OpenAl’s chat completions API° and

Shttps://platform.openai.com/docs/api-reference/chat/create
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the "gpt-40" model®. The procedure converted each user review into a set of (aspect,
sentiment polarity) pairs, denoted as (a,s) pairs. Specifically, we labelled sentiment
polarity s as either a positive score (+1) or a negative score (-1). The Python code for
generating prompts is shown in Figure 4.3.

We adopted three datasets’ of varying scales from the Amazon e-commerce plat-
form: Office, Video Games, and CDs & Vinyl. To ensure that each user and item has
sufficient interactions and aspects to construct a comprehensive profile at the aspect
level, we removed users and items with fewer than 10 reviews in all datasets. The
statistics® for these datasets are presented in Table 4.3. When generating prompts, as
illustrated in the code, we provided not only clear and general instructions but also
specific examples for each dataset to better guide the generative LLM in producing the
desired outputs. The prompt includes three examples, with the first example featuring
a real review from the dataset that has been appropriately modified to adhere to the
tirst rule in the prompt. In other words, the first example varied across datasets:

Amazon Office: "These blinders are DURABLE. Nice cover." -> [(durability, +1),
(cover, +1)]

Amazon Video Games: "Bought for future investing/collecting." -> [(collection,
+1)]

Amazon CDs & Vinyl: "It has some really good tracks on it that are very well done.
Its a CHRISTMAS favorite of mine." -> [(track, +1), (christmas, +1)]

The second and third examples are common across all datasets: the second example
demonstrates to the LLM that it can infer appropriate features from the reviews, while
the third example indicates how the LLM should proceed when a review is brief and
specific features cannot be directly extracted or inferred.

Example 2: "I think there might be other options that are nicer for the same price.
It arrived a day earlier than expected." -> [(price, -1), (delivery, +1)]

Example 3: "good" -> [(overall, +1)]

Based on the preliminary analysis above, we adopted an LLM-based extraction ap-
proach that could be prompted to identify contextually relevant aspects and their asso-
ciated sentiment polarities. In particular, the approach allowed aspects to be inferred
from the review context rather than requiring every aspect to appear verbatim as an

extracted surface term. For example, while the phrase "It arrived a day earlier than

®https://platform.openai.com/docs/models#gpt-40

"https://nijianmo.github.io/amazon

8In processing the datasets, we removed duplicate interactions, i.e., if a user reviewed the same item
multiple times, only the most recent interaction was retained.
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expected" does not explicitly mention an aspect, the relevant one "delivery" can be in-
ferred from this statement. For very brief reviews where aspects cannot be extracted or
inferred, such as "good", we assigned a general aspect label, "overall". This approach
not only preserves these interactions within the dataset but also aligns with certain
reviewing habits, where users may avoid mentioning specific aspects and instead pro-

vide an overall impression of the item’s performance.

TABLE 4.3: Statistics of the datasets.

Dataset #Users #Items #Interactions Density
Amazon-Office 3,612 2,427 58,289 0.00665
Amazon-Video Games 5,932 3,788 103,624 0.00461
Amazon-CDs & Vinyl 21,445 18,392 527,326 0.00134

The statistics of the original reviews and the extracted aspects for each dataset are
summarised in Table 4.4. The number of extracted aspects in the Office, Video Games,
and CDs & Vinyl datasets is 10,686, 29,738, and 85,381, respectively. Here, positive and
negative reviews are defined as those with corresponding ratings r;; > 3 and r;; < 3,
respectively. The column "#Pos Aspects" indicates the number of positive reviews in
which at least one positive aspect is mentioned, while "#Neg Aspects" denotes the
number of negative reviews that include at least one negative aspect.

We observe that in all three datasets, over 97% of the positive reviews contain men-
tions of positive aspects, suggesting that users tend to express the strengths of an item
when they are satisfied. Interestingly, only around 92% of the negative reviews include
mentions of negative aspects, implying that some users provide low ratings without

explicitly stating their reasons in the review text.

TABLE 4.4: Statistics of original reviews and aspects in each dataset.

‘ ‘ Positive Reviews ‘ Negative Reviews
Dataset | #Aspects | #Total ~ #Pos Aspects Ratio | #Total #Neg Aspects Ratio
Office 10,686 52,040 51,327 98.63% | 6,249 5,770 92.33%
Video Games | 29,738 82,941 81,202 97.90% | 20,683 19,428 93.93%

CDs & Vinyl | 85,381 445,087 440,883 99.06% | 82,239 75,774 92.14%
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4.5.2 Aspect Filtering

After extracting aspects from the original reviews, we filtered out aspects whose total
occurrences did not meet a threshold, retaining only the most relevant aspects. Rather
than choosing a fixed threshold, we determined an appropriate threshold for each
dataset. Specifically, we ranked all aspects (excluding "overall") by their frequency
in the dataset, gradually removing the least frequent aspects (irrelevant aspects) and
monitoring the proportion of total reviews covered by the remaining aspects. We then
identified the frequency threshold at which coverage was closest to 80%. The thresh-
olds and coverage ratios identified for the Office, Video Games, and CDs & Vinyl
datasets were as follows: (75, 81.57%), (68, 83.98%) and (98, 89.43%). For example,
in the Office dataset, we considered only aspects with no less than 75 occurrences as
relevant, and these covered 81.57% of the reviews.

The statistics of the filtered aspects for each dataset are presented in Table 4.5, ex-
cluding the generic aspect "overall". We observe a significant reduction in the number
of aspects after filtering across all datasets. For example, the original Video Games
dataset contains 29,738 unique aspects, which are reduced to 661 after filtering, while
still covering 83.98% of the reviews. This filtering process not only removes noise from
infrequent aspects but also alleviates the sparsity of the aspect space. The top 10 fil-
tered aspects for each dataset are listed in Table 4.2, and they are highly representative
of the domain-specific content of their respective datasets.

TABLE 4.5: Statistics of filtered aspects in each dataset.

| | User | Item
Dataset | #Aspects | #Max #Min #Ave | #Max #Min #Ave
Office 301 150 1 26.7 | 91 2 27.5
Video Games | 661 439 1 40.0 | 235 4 51.0
CDs & Vinyl 1,304 804 1 43.6 | 429 4 56.6

4.5.3 Aspect Embedding Generation

When generating aspect embeddings, some aspects are not explicitly mentioned in the
reviews, making it infeasible to use models like Word2Vec to derive embeddings by
aggregating word representations. To address this, we used pre-trained word vectors
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(Mikolov et al., 2018) from fasttext-wiki-news-subwords-300° to create aspect embed-
dings directly. Specifically, for any given aspect, we extracted each word it contains,
retrieved the corresponding vector from the pre-trained word vectors, and calculated
the average to obtain the aspect’s embedding. Certain challenging aspects across the
three datasets had no corresponding vectors; for these cases, we applied manual ad-
justments to ensure successful extraction. The challenging aspects and our adjustments

are as follows:

TABLE 4.6: Challenging aspects and their adjustments.

Challenging Aspects Adjusted Aspects

erasability erase ability
collector\’s collector
coltrane jazz musician
sacd super audio CD
listenability audio quality
r&b rhythm blues
80\’s 1980s

4.5.4 Baselines and Parameter Settings

Our model tackles two tasks: rating prediction and recommendation explanation, op-
erationalised in this study as positive-aspect prediction. Accordingly, we evaluated
DRL against baselines for the two tasks separately. For the explanation task, direct
baselines were selected to match the output and evaluation setting of DRL. Specifi-
cally, the compared methods model aspect-level user preferences and item characteris-
tics and produce supportive aspect-level explanations for an individual user-item pair
within the same aspect space, allowing their outputs to be evaluated against the same
positive aspects appearing in held-out reviews.

Among the selected baselines, EFM (Zhang et al., 2014a) and HDE (Luo et al., 2019)
support both rating prediction and recommendation explanation and were therefore
compared with DRL on both tasks. PMF (Mnih and Salakhutdinov, 2008) and AARM
(Guan et al., 2019) were used only for rating prediction because they do not provide
explanation outputs compatible with the current evaluation protocol. A simple Match-

ing baseline was also included for the explanation task because it directly combines

‘https://fasttext.cc/docs/en/english-vectors.html
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historical user-aspect attention and item-aspect quality within the same aspect space.
The following sections describe the characteristics of the baselines and their parameter
settings.

Rating Prediction Baselines We evaluated our proposed model, DRL, against the

following methods in the rating prediction task:

¢ PMF (Mnih and Salakhutdinov, 2008): Probabilistic Matrix Factorisation (PMF) is
a classic probabilistic factor-based model that approximates the rating matrix by
decomposing it into the product of two lower-rank matrices for users and items.

¢ EFM (Zhang et al., 2014a): The Explicit Factor Model (EFM) is a hybrid matrix
factorisation approach that integrates the user-aspect attention matrix X and the
item-aspect quality matrix Y, alongside the overall user-item rating matrix R.
Specifically, X and Y share the same aspect latent factors, while the user and item
latent factors that each decompose are subsets of the user and item latent factors

derived from R.

* AARM (Guan et al., 2019): The Attentive Aspect-based Recommendation Model
(AARM) represents users and items using semantic embeddings of aspects ex-
tracted from their respective reviews. To capture the connections among aspects
(such as synonymous and similar aspects), it explores bi-interactions between
these aspect embeddings, thereby enhancing the modelling of user preferences
for items. Please note that AARM is originally designed for the top-N recommen-
dation task. To enable comparison on the rating prediction task, we modified its

loss function to MSE.

e HDE (Luo et al., 2019): The Hybrid Deep Embedding (HDE) model captures the
time-evolving representations of users and items by learning semantic embed-
dings from their respective review sequences. During training, it employs the
user-aspect attention vector x and item-aspect quality vector y as supervisory

signals for the review-level representations.

Explanation Baselines For the recommendation explanation task, all methods first
model the user’s attention and the item’s quality across all aspects, then select the
aspects with the highest values derived from the element-wise multiplication of these

representations. The baselines are as follows:
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* Matching: This method directly uses the user-aspect attention vector x and item-

aspect quality vector y extracted from the training set.

* EFM (Zhang et al., 2014a): EFM employs matrix factorisation to derive the user-
aspect attention vector £ and item-aspect quality vector § by learning the latent

factors of users, items, and aspects.

e HDE (Luo etal., 2019): HDE first models the review-level representations of users
and items, then transforms these representations into the user-aspect attention

vector £ and item-aspect quality vector 7, respectively.

Parameter Settings Hyperparameters were tuned using the validation set. The model
exhibiting the lowest mean squared error (MSE) on the validation set was selected as
the best-performing configuration and subsequently evaluated on the test set. For all
models, the embedding dimension and batch size were fixed at 64 and 1024, respec-
tively. A grid search was conducted for hyperparameter optimisation: the learning
rate was selected from {le-5, le-4, 1le-3, le-2}, and the L, regularisation coefficient was
chosen from {le-6, le-5, 1e-4, le-3}. For the explanation component in our model, as
well as in EFM and HDE, the explanation weight was tuned within the range [0.05,
1.0] using a step size of 0.05. Dropout rates were set according to those reported in the
original publications: 0.5 for AARM and 0.3 for HDE. For our model, we adopted a
dropout rate of 0.5. An early stopping strategy was employed, terminating training if

the validation MSE did not improve over 50 consecutive epochs.

4.5.5 Rating Prediction Evaluation

Table 4.7 presents the performance of each model on the rating prediction task across

the three datasets. Our observations are as follows:

® Our proposed model, DRL, consistently outperformed all baselines in terms of
MSE and MAE. Notably, DRL demonstrated superior performance on denser
datasets; for instance, it improved rating prediction accuracy by approximately
1.5% over the strongest baseline, HDE, on the sparsest dataset, CDs & Vinyl,
while showing a significant 7% improvement on the densest dataset, Office.

* PMF, which relies solely on rating information and traditional matrix factorisa-
tion, performed less effectively than models that incorporate review information

or use neural network techniques.
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¢ EFM, which leverages aspect-level review information, surpassed PMF on MSE
across all three datasets, with improvements of 8.61%, 6.54%, and 3.62%, respec-
tively. However, EFM’s performance was lower than models employing neural
networks, such as AARM, HDE, and our model, DRL.

* AARM significantly outperformed the two matrix factorisation models in rating
accuracy, as it captures semantic relationships among aspects. However, its per-
formance was lower than methods that incorporate sentiment information, such
as HDE and our model, DRL.

¢ Among the baselines, HDE achieved the best overall performance. Compared
to the second-strongest baseline, AARM, it reduced MSE by 2.75%, 14.35%, and
7.67%, and MAE by 4.26%, 9.94%, and 6.06% on the Office, Video Games, and
CDs & Vinyl datasets, respectively.

TABLE 4.7: Overall comparison of rating prediction performance. The best
results are highlighted in bold, and the second-best results are underlined.

Dataset | Office | Video Games | CDs & Vinyl
Method | MSE  MAE | MSE MAE | MSE  MAE
PMF 1.80649 0.96250 | 1.65110 1.00316 | 1.11809 0.82415
EFM 1.65097 0.91154 | 1.54316 0.97203 | 1.07767 0.81105
AARM 0.65345 0.57557 | 1.20564 0.80546 | 0.82945 0.66268
HDE 0.63548 0.55106 | 1.03262 0.72538 | 0.76594 0.62253
DRL 0.58603 0.51245 | 0.97370 0.70665 | 0.75192 0.61285

%Improv.\ 7.78%  7.01% \ 570%  2.58% \ 1.83%  1.55%

4.5.6 Explainability Evaluation

We employed an offline formula-based approach to quantitatively assess whether the
predicted positive aspects appeared in the ground-truth reviews, and conducted a case
study to qualitatively evaluate the relevance and quality of presenting these aspects as

recommendation explanations to users.
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FIGURE 4.4: Explainability performance on the Office dataset with vary-
ing numbers of predicted aspects. Subplots (A), (B), and (C) report Hit,
Recall, and Precision respectively. For DRL, exact values at N = 1 and
N = 2 are annotated on the curves.
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FIGURE 4.5: Explainability performance on the Video Games dataset with
varying numbers of predicted aspects. Subplots (A), (B), and (C) report
Hit, Recall, and Precision respectively. For DRL, exact values at N = 1

and N = 2 are annotated on the curves.
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FIGURE 4.6: Explainability performance on the CDs & Vinyl dataset with

varying numbers of predicted aspects. Subplots (A), (B), and (C) report

Hit, Recall, and Precision respectively. For DRL, exact values at N = 1
and N = 2 are annotated on the curves.

Offline Formula-Based Method

We utilised three metrics for evaluating model-generated explanations: Hit@N, Recall@N,
and Precision@N. Higher values of these metrics indicate greater accuracy in predict-
ing aspects that users find satisfactory. We vary N from 1 to 5, thereby computing each
metric when selecting between 1 and 5 aspects as explanatory outputs. We argue that
aspects ranked higher are of greater importance, given users’ limited attention span
and the typical constraints on explanation display space. As such, the values of these
metrics at N = 1 are considered more indicative of a model’s explanatory precision
than those at higher N.

In Section 4.4.2, we introduced two settings based on different review selection
criteria: reviews associated with actual ratings greater than 3 versus those associated
with predicted ratings greater than 3. The former evaluates aspect prediction against
held-out positive review evidence, whereas the latter restricts evaluation to instances
that the model itself would recommend based on its predicted rating.

We first report explanation performance using reviews associated with actual rat-
ings greater than 3 as the reference. To better illustrate the comparative results across
models, we plotted line charts for each dataset, with N on the x-axis and the corre-
sponding metric values on the y-axis. The visual results for the Office, Video Games,
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and CDs & Vinyl datasets are presented in Figures 4.4, 4.5, and 4.6, respectively. Com-
plementing the visualisations, Table 4.8 reports the detailed metric values!’ across the
three datasets for various values of N, with all metric values presented as percentages.

Note that, by definition, Hit@1 and Precision@1 are equivalent.

TABLE 4.8: Overall comparison of explanation performance. In this eval-

uation, the ground truth consists of reviews associated with actual ratings

greater than 3. The best results are highlighted in bold, and the second-
best results are underlined.

Dataset | Office | Video Games | CDs & Vinyl
Method ‘ Hte1l Ht@2 Hte@3 Ht@4 Ht@5 ‘ Hte@el Ht@2 Ht@3 Hte4 Ht@5 ‘ Htel Ht@2 Ht@3 Hte4 Ht@5
Matching | 35.44 4719 5329 5717 5954 | 4218 5553 61.77 6529 6746 | 49.56 65.51 7294 76.79 79.15

EFM 3033 4177 4873 5353 57.09 | 3501 5005 57.77 6281 6656 | 4347 5878 67.70 7409 78.74
HDE 2935 4329 5235 5991 6512 | 4273 5820 6581 7017 73.78 | 4505 6110 7095 7661 8132
DRL 38.02 5035 57.88 63.26 67.26 | 4391 59.87 6691 70.87 7372 | 5172 6690 7472 79.18 8245
%Improv. | 7.28%  670% 8.61% 559% 3.29% |276% 2.87% 167% 1.00% -0.08% | 436% 2.12% 244% 3.11% 1.39%
Method | Re@l Re@2 Re@3 Re@4 Re@5 | Re@l Re@2 Re@3 Re@4 Re@5 | Re@l Re@2 Re@3 Re@4 Re@5
Matching | 2196  28.66 3283 3558 37.68 | 21.92 2914 3340 3622 3835 | 1868 27.89 3402 3817 4130
EFM 1983 2606 3011 3320 3564 | 1867 2674 3157 3522 3822 | 1410 2291 2970 3545 4036
HDE 2079 2798 3332 37.85 4135|2294 31.06 3601 39.50 4275 | 1564 2471 3223 37.53 42.73
DRL 2485 3170 3652 4021 4331 | 2413 3248 37.42 4079 43.49 | 19.85 28.88 3542 40.02 43.90
%Improv. | 13.16% 10.61% 9.60% 624% 4.74% |519% 457% 392% 3.26% 173% | 626% 355% 4.12% 4.85% 2.74%
Method | Pr@l Pr@2 Pr@3 Pr@4 Pr@5 | Pr@l Pr@2 Pr@3 Pr@4d Pr@5 | Pr@l Pr@2 Pr@3 Pr@d Pr@5
Matching | 3544 2591 2103 1778 1551 | 4218 3190 2626 2240 19.68 | 49.56 4130 3578 3140 28.02
EFM 3033 2225 1830 1572 1394 | 3501 2791 2343 2042 1824 | 4347 3744 3315 29.65 26.89
HDE 2935 2278 1973 1792 1635 | 4273 3196 2611 2258 20.36 | 4505 39.01 3492 3093 28.06
DRL 38.02 2735 2239 1934 1716 | 4391 3328 2714 2330 20.67 | 5172 4248 3688 3223 28.77
%Improv. | 7.28% 5.56% 647% 7.92% 4.95% |276% 4.13% 335% 3.19% 152% | 436% 2.86% 3.07% 2.64% 2.53%

Our observations on the models” explanation performance are as follows:

® Our proposed model, DRL, outperformed all baselines across all metrics and
datasets, except for Hit@5 on the Video Games dataset. When selecting only one
aspect as an explanation, DRL showed the largest improvement over other base-
lines. More specifically, on the Office, Video Games, and CDs & Vinyl datasets, it
achieved increases of 7.28%, 2.76%, and 4.36% on Hit/Precision@1, respectively,
and improved Recall@1 by 13.16%, 5.19%, and 6.26%. Overall, our model showed
a particularly strong performance in Recall, indicating higher recall of positive as-
pects appearing in the held-out reviews. Furthermore, DRL demonstrated larger
gains over the baselines on the Office and CDs & Vinyl datasets compared to
Video Games. We attributed this to specific characteristics of the Video Games
dataset. As shown in Table 4.4, the proportion of positive aspects mentioned in

0Dye to space limitations, we abbreviate Hit@N, Recall@N, and Precision@N as Ht@N, Re@N, and
Pr@N, respectively.
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reviews with ratings above 3 is lowest for Video Games at 97.90%, compared to
98.63% and 99.06% for Office and CDs & Vinyl, respectively. This suggests that
some users give high ratings in Video Games without explicitly mentioning pos-

itive aspects.

* Surprisingly, Matching, which uses a straightforward approach by directly em-
ploying the user-aspect attention vector x and item-aspect quality vector y ex-
tracted from the training set, achieves reasonable explainability. Although its
performance on Video Games did not surpass HDE, it stands as the strongest
baseline across most metrics on Office and CDs & Vinyl, especially with lower N

values.

¢ EFM employs matrix factorisation to infer the unobserved (zero) values in the
user-aspect attention vector x and item-aspect quality vector y, thus learning £
and 7 to generate recommendation explanations. However, this approach did
not perform as well as the simpler Matching method. This may be due to the

limitations of matrix factorisation, which can only capture shallow features.

¢ HDE exhibited solid explainability performance on Video Games but was less
competitive on Office and CDs & Vinyl. A clear trend for HDE was that as the
number of aspects in the explanation increases, its performance on all three met-
rics improved. This may be because HDE processes full review content rather
than isolated aspects and their sentiments, capturing more comprehensive infor-
mation at the cost of potential noise. Consequently, when only a limited num-
ber of aspects are allowed in the explanation, the predictions may lack accuracy.
However, as the number of aspects in the explanation expands, the advantage of

encoding full review content becomes apparent, leading to stronger performance.

As discussed in Section 4.4.2, in practical scenarios, the model only recommends
an item and provides explanations if the predicted rating exceeds 3. Accordingly, we
also report explanation performance based on reviews of items with predicted ratings
above 3 (see Table 4.9). Since the Matching method does not involve rating prediction,
its results are not available under this evaluation setting.

Overall, compared to the setting that uses reviews of items with actual ratings
above 3, all models showed a decline in explanation performance. We speculate that
this is because aspect prediction in this setting is more sensitive to rating prediction ac-
curacy. For example, if a user actually dislikes an item (e.g., gives a rating of 1), but the
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TABLE 4.9: Overall comparison of explanation performance. In this eval-

uation, the ground truth consists of reviews associated with predicted

ratings greater than 3. The best results are highlighted in bold, and the
second-best results are underlined.

Dataset | Office | Video Games | CDs & Vinyl

Method | Ht@1 Ht@2 Ht@3 Hte4 Ht@5 | Htel Hte2 Ht@3 Hte4 Ht@5 | Ht@el Ht@2 Ht@3 Ht@4 Ht@s
EFM 29.68 4086 4738 5191 5525 | 3205 4620 53.66 5838 6192 | 40.06 5487 6378 69.94 7441
HDE 2751 4063 4916 5631 6130 | 37.14 5142 5869 63.04 66.62 | 4128 5662 6625 7L71 7618
DRL 3545 4711 5424 59.38 63.16 | 3821 5278 59.63 6346 6649 | 47.00 6155 69.29 73.68 76.85
%Improv. | 19.44% 1530% 10.33% 5.45% 3.03% | 2.88% 2.64% 1.60% 0.67% -0.20% | 13.86% 871% 4.59% 2.75% 0.88%
Method | Re@l Re@2 Re@3 Re@4 Re@5 | Re@l Re@2 Re@3 Re@4 Re@5 | Re@1 Re@2 Re@3 Re@4 Re@5
EFM 19.84 2608 2998 3299 3532 | 1731 2496 29.65 33.06 3588 | 1327 2182 2853 33.99 38.64
HDE 1951 2630 3135 3568 39.04 | 2000 2758 3230 3573 3887 | 1462 2334 30.62 3566 40.50
DRL 2325 2975 3432 37.84 40.79 | 2098 28.69 33.40 36.61 39.34 | 1830 2696 33.30 37.71 4134

Y%Improv. ‘ 17.19% 13.12% 947% 6.05% 4.48% ‘ 490% 4.02% 3.40% 2.46% 1.21% ‘25.17% 15.51% 8.75% 5.75% 2.07%
Method ‘ Pr@1 Pr@2 Pr@3 Pr@4 Pr@5 ‘ Pr@l Pr@2 Pr@3 Pr@e4 Pr@5 ‘ Pr@1 Pr@2 Pr@3 Pr@4 Pr@5

EFM 29.68 2171 1773 1520 13.43 | 32.05 2570 21.73 1894 1693 | 40.06 3471 30.88 27.61 25.04
HDE 27.51 21.35 1846 1678 1532 | 3714 28.18 23.15 20.10 18.16 | 41.28  35.88 3222 2852 25.85
DRL 35.45 25.55 2092 18.09 16.05 | 38.21 29.28 24.04 20.70 18.44 | 47.00 38.81 33.78 29.52 26.36

Y%Improv. ‘ 19.44% 17.69% 13.33% 7.81% 4‘76"0‘2.88% 3.90% 3.84% 2.98% 1.54% ‘13.86% 817% 4.84% 3.51% 1.97%

model predicts a rating of 4, it is then required to identify aspects the user supposedly
appreciated (an explanation that is ultimately meaningless). Conversely, if a truly liked
item is predicted to have a low rating, the corresponding review is excluded from the
evaluation, and the model’s prediction is not assessed. Both scenarios introduce noise
due to prediction errors.

Nevertheless, the relative performance ranking among models remained consistent
with the setting based on actual ratings. Specifically, DRL continued to deliver the
strongest explanation performance. EFM performed well only at Hit@1 on the Office
dataset, but was outperformed by HDE across other metrics. HDE, in turn, showed

substantial gains in aspect prediction N increases.

Case Study

Tables 4.10, 4.11, and 4.12 present three illustrative cases from the Office, Video Games,
and CDs & Vinyl datasets, respectively. Each case includes the user & item ID (Col-
umn 1), the actual rating (Column 2), and the predicted rating (Column 3) by DRL.
The top-5 positive aspects predicted by DRL are listed in Column 4. Aspects that are
correctly matched, i.e., those appearing in the ground-truth review, are highlighted in
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blue within the actual review text (Column 6

)11

. Column 5 presents the filtered aspects

extracted from the review, with positive aspects shown in blue and negative aspects in

red.
TABLE 4.10: Predicted rating and top-5 positive aspects versus actual rat-
ing and user review (Office Dataset).
User ID Actual Predicted Top-5 Extracted  Actual Review
Item ID Rating Rating Predicted  Aspects
Positive
Aspects
A1PEYX9SUVT874 5 4.80 price color "Tordered this desk chair pad to keep my rollator from
BO0O32UHHC quality texture wearing out the carpet and because of the color. It also
color size hides the stains from my many spills. Nice texture and
durability  quality just the right size. It appears to be of a better qual-
size price ity than other pads I have bought. Good price and
shipping excellent shipping. Glad I ordered it and would buy
durability  again. It is not stiff and came flat. Will last me a long
time."
A2ZJPDHOYP90SD 5 4.47 design appearance 'These are really gorgeous dividers. Brilliant, bright
BO1H9SH20W color color colors on one side and cool black and white patterns
durability ~ design on the other. Each divider page is a different bright
appearance durability  color and the back is a different black and white de-
quality sign. As you can see in the pics I posted - you get
five tab pages, thick and will probably last all year.
The one downside is that the tab labels that come with
these cover the pretty colors that stick out from the
black and white patterns. So [ just used a black sharpie
to write in the subjects. You can use the labels with an
inkjet or laser printer, but they will cover the bright
colors. The labels are plain white."
A3LCT5601UA4UB 5 4.66 price quality "Good quality, price and on time delivery"
B00A89YZ6S quality price
delivery delivery
value
overall

In the three Office cases (Table 4.10), the predicted ratings closely match the users’

actual ratings. More importantly, the model successfully identifies aspects that users

explicitly expressed satisfaction with. For instance, in the first case, the model pre-

dicts the top-5 positive aspects as "price", "quality", "color", "durability", and "size".

Among these, "color", "size", "quality", and "price" are explicitly mentioned in the re-

view. Although "durability" is not directly stated, the sentence "Will last me a long

time" implies user satisfaction with that aspect, indicating the model’s prediction is se-
mantically valid. This case also highlights the capability of using LLM-based ABSA to
infer implicitly expressed aspects.

1To improve clarity, the original reviews were processed as follows: (1) Non-opinionated content
(e.g., item descriptions) is shown in gray; (2) Overly long reviews are partially truncated, with omissions
indicated by ...; and (3) Sensitive content is masked using ***.
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TABLE 4.11: Predicted rating and top-5 positive aspects versus actual rat-
ing and user review (Video Games Dataset).

User ID Actual Predicted Top-5 Extracted Actual Review
Item ID Rating Rating Predicted  Aspects
Positive
Aspects
A1PL6VA9OKD155 5 4.51 gameplay  game "This is one of the best games ever, the graphics are
B0O0JK00S0S graphic graphic amazing, strong story, and the gameplay is amazing.
story story This is the best horror survival game hands down, pe-
game gameplay riod."
price
A2K6AGOFYPXRC4 5 5.04 delivery delivery "all good very fast"
B017L186MY gift
exercise
condition
description
AlIQV6AI7LONOK 5 3.66 story graphic "...Graphics (score 9/10): If you just finished the first
BO002CHJAA gameplay  music game and then popped this one in, the first thing that
graphic character you would notice is that the art style is different. It’s
character story not that it’s bad or anything, but coming right af-
music battle system ter the first game, the difference is jarring. ...As I
gameplay said, it’s not bad, just a jarring change. Music (score

9/10): The music is just as beautiful as it was in the
first game. Absolutely stunning tracks that lend great
emotional depth to the scenes they are featured in. As
for voice acting, all of it’s good - well, with one excep-
tion: Momo’s voice is really irritating. It’s just high
pitched and annoying. ...Characters (score 10/10):
... They are just as compelling as they were the first
time, and they get a lot of great development too. ...I
like that in this entry, you get a lot of back story on him
which really helps flesh out his motivations as a char-
acter. Story (score 10/10): ... Suffice it to say, the story
is very confusing if you haven't played the first game.
It’s even more complex than the first game’s storyline,
and features many disturbing and heart-wrenching
scenes (perhaps even more than the first game). This
game definitely focuses on Jr. and Albedo’s backstory
moreso than anything else, and I'm not unhappy with
that as it’s very interesting. ...Battle System (score
6/10): Well, combat’s where everything kind of goes
downbhill. Battles are really irritating due to the break
system. It seems like it takes ages to break an enemy,
making battles really tedious. You're also now forced
to bring Momo if you want a reasonable chance of suc-
cess. ...So, basically, character balance is not fantastic
in this regard. Couple that with extremely tedious bat-
tles where you’ve got to break every single enemy to
do any decent damage, and you've got a big dent in
the enjoyability of this game. In fact, out of all three
games in the series, this entry has the least enjoyable
battle system for me. Gameplay (score 10/10): This is
a bit of a catch-all category for me. Well, menus, cam-
era angles, all the standard stuff is fine. One thing of
note here is that there are no random battles. ...On the
other hand, the cutscenes in this game are just as long
as unrelenting as the first game’s. ...I, however, didn’t
mind at all. There is one thing left I should mention -
this series continues the same button layout as the first
game. ...It's backwards to most other PS2 games, and
it can take some getting used to. Overall (score 9/10):
... The battle system of this game makes it feel very te-
dious at times, but the story, characters, and music are
still fantastic. Plus, you really need to play this one to
get to the third game in the series, so I'd still recom-
mend it despite it’s flaws."
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In the second and third cases, the number of extracted aspects from the ground-
truth reviews is fewer than five; therefore, the model’s top-5 predictions include as-
pects not directly mentioned in the text. Nonetheless, in the second case, the fifth
predicted aspect, "quality", is semantically aligned with the expressed aspect "durabil-
ity"; and in the third case, aspects such as "value" and "overall" correspond meaning-
tully to the review’s expressed concerns, including "quality", "price", and "delivery".
Additionally, the second case illustrates the noisy nature (segments lacking sentiment
information) of user reviews, which poses challenges for aspect-level extraction and
highlights the importance of robust ABSA techniques.

Table 4.11 shows three cases from the Video Games dataset. The first two follow
a pattern similar to those in the Office dataset, where both the predicted ratings and
the top-5 positive aspects align well with the actual ratings and reviews. The third
case is particularly noteworthy: the user explicitly provides numeric ratings for each
aspect, followed by detailed explanations. For example, the user gives a score of 9
out of 10 for "graphics", indicating satisfaction while acknowledging minor limita-

"non

tions. Among the six aspects mentioned (excluding "overall"), five ("graphics", "mu-
sic", "character”, "story", and "gameplay") receive high ratings, while "battle system" is
rated lower (6/10).

Interestingly, ABSA identifies "battle system" as a negative aspect, likely inferred
through contrast with the other, more highly rated aspects. This interpretation may
have led the model to predict a lower overall rating of 3.66, significantly underestimat-
ing the user’s actual rating of 5. This discrepancy suggests that the model inferred the
user’s dissatisfaction with "battle system" would have a stronger negative impact on
the overall score. However, the user’s final rating reflects a more generous attitude,
possibly indicating a tendency to give high ratings despite some critical feedback.

Across the Office and Video Games cases, we observe that some extracted aspects
are overly broad in meaning, for example, "game" in the Video Games dataset. This
issue becomes even more pronounced in the CDs & Vinyl dataset (Table 4.12), where
general aspects such as "album"”, "song", "track", "sound", and "music" are frequently
extracted. While these broad aspects may be suboptimal for user-facing explanations,
we argue that they nonetheless enhance model transparency by indicating which posi-
tive aspects contribute to higher ratings and which negative ones lower them. The first
two cases in Table 4.12 demonstrate accurate predictions for both rating and aspects.
The third case illustrates that when no specific aspects can be extracted from a review,

our ABSA method assigns a generic "overall" aspect, yet the model can still predict it
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TABLE 4.12: Predicted rating and top-5 positive aspects versus actual rat-
ing and user review (CDs & Vinyl Dataset).

User ID Actual Predicted Top-5 Extracted Actual Review
Item ID Rating Rating Predicted Aspects
Positive
Aspects
A2P1U2ACG18718 4 424 album guitar "This was the follow-up to Roll the Bones and saw
B000002IWQ song keyboard the band get a lot more into electrical guitar and less
track sound on the keyboards and synthesizers to back up the
guitar track sound. Standout tracks include "Stick it Out", the in-
sound song strumental "Leave that Thing Alone", and "Everyday
album Glory." Though probably not as popular as Rush'’s ear-
drumming lier stuff, from the mid to late 80’s, this is a solid album
bass all the way through and displays what the band does
best, write good songs backed up by nice guitar, bass,
excellent drumming and some keyboards."
A26XCS3QLDJJWN 4 4.21 album album "This is a really good album. Why did Xzibit have
B00001IVOY track collaboration to h** up with Dr. **?? Boo. On "At the Speed of
song lyric Life," Xzibit was still warming his lyrical chops up,
lyric voice and there was definite talent there. He had the right
beat delivery voice, the right delivery, and DEFinitely the right pro-
producer ducers. And "40 Dayz..." is just the next step up. The
production production on this entire album is pretty tight, as X
track spreads the board duties around. Producers as diverse
beat as Soopafly, Montageone and E-Swift make contribu-
effect tions to the disc, all of them tight. For highlights, take
guest appearance a gander at the following: "Chamber Music" samples
song the beat from Queen’s "We Will Rock You" and flips it
with some ominous strings for a vicious opener. The
heavy bounce of "What You See Is What You Get,"
"Nobody Sound Like Me," and "Los Angeles Times"
will keep you moving, and the Likwit Crew cut "Let
It Rain" hits like a 20-lb. sledge, culminating in the
syncopated interplay of the melancholy "Recycled As-
sassins." ..., but it’s just so much fun to listen to, as
Xzibit swaps verses with Jayo Felony (in what I must
say is a very good guest appearance). Method Man
even shows up on the hook, literally. Apparently he
just showed in the studio and asked if he could do
the hook. And BAM, great song. There are some flat-
liners, though. "Shroomz" plods along, and "Handle
Your Business" is a little boring, but they don’t detract
too much from the overall good vibe. This is a really
good album. Ijust hope "The Restless LP" doesn’t ruin
Xzibit's underground credibility, which is the basis for
his success thus far. ..."
AMU77WVNO1U9B 5 4.71 overall overall "wow, loved it"
B00000DMUL music
album
sound

collection
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accurately.

In summary, these case studies illustrate that the predicted aspects can correspond
closely to aspect-level evidence in users” held-out reviews. They provide qualitative
examples of how the model’s outputs can be associated with identifiable item charac-

teristics, but do not establish user-perceived explanation quality.

4.5.7 Effect of Varying GNN Layer Depths

We varied the depth of GNN layers in the DRL model and reported its performance
in both rating prediction and aspect prediction at different layers. Figure 4.7 illustrates
the rating prediction results across the three datasets, with the x-axis representing the
total number of convolutional layers and the dual y-axes showing MSE on the left and
MAE on the right. Since the best model was selected based on the lowest MSE, DRL
achieved optimal performance at two layers on the Office and CDs & Vinyl datasets,
even though the lowest MAE occured at a single layer in these datasets. On the Video
Games dataset, both MSE and MAE were minimised at one layer. Overall, DRL per-
formed best in rating prediction with either one or two GNN layers, and increasing the
depth to three did not further enhance recommendation accuracy.
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FIGURE 4.7: Rating prediction performance of DRL at different GNN lay-
ers across different datasets.

Table 4.13 presents the Hit@1 and Recall@1 scores for aspect prediction across dif-
ferent GNN layers on each dataset. Consistent with the rating prediction findings, DRL
generally achieved the highest explainability performance with two GNN layers.
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TABLE 4.13: Explainability performance of DRL at different GNN layers
across different datasets.

Dataset | Office | Video Games | CDs & Vinyl
Method | Hit@1 Recall@l | Hit@l Recall@l | Hit@1 Recall@1

1 Layer | 33.83 22.86 43.91 24.13 50.99 19.16
2 Layers | 38.02 24.85 43.87 24.21 51.72 19.85
3 Layers | 37.93 24.53 43.17 24.08 50.61 19.27

4.5.8 Ablation Study

To validate the effectiveness of various components in our model, we conducted an
ablation study by systematically removing specific parts and comparing their rating
prediction and aspect prediction performance with the original model. The ablation
study focuses on four components: the GNN layer, the target edge in the Dynamic
Representation Layer, semantic aspect embeddings, and the rating as a dummy as-
pect. Detailed descriptions of each component’s ablation are provided in the following

sections.

Remove GNN Layer

To examine the contribution of the GNN layer, we removed it and replaced the user
and item embeddings output by the GNN layer with learnable user and item embed-
dings. This modified model is named DRL-gnn.

Retain Target Edge in Dynamic Representation Learning

When modelling the interaction-dependent user embedding and item embedding, to
simulate the realistic interaction scenario, we excluded the target edge (review and
rating) from the attention network input. In the DRL+target edge variant, we retained

this edge and evaluated its impact on recommendation and explanation performance.

Disable Semantic Aspect Embeddings

The original model captured semantic connections among aspects by multiplying the
sentiment-based aspect vector 4;; = [aijl,aijz, e ,ai]-p,r,'j] with aspect embeddings
[Wal||w,] within the edge encoder (Section 4.3.2) module. To test the effectiveness
of incorporating semantic aspect embeddings, we removed this embedding layer and
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directly mapped a;; to the target space, bypassing the semantic embedding multiplica-
tion. This variant is referred to as DRL-semantic.

Remove Dummy Aspect

In the DRL-dummy model, we removed the dummy aspect by only multiplying a;; =
[aij1, a2, - -+, a;jp] with Wy. Consequently, since the rating was no longer encoded as
a dummy aspect, we did not reserve the final position for the rating in the prediction
layer (Section 4.3.3) when predicting the user attention vector and item quality vector.
Instead, we directly converted them to vectors of length p.

For each of the four model variants, we maintained all hyper-parameters (i.e., learn-
ing rate, regularisation coefficient, and dropout ratio) consistent with the optimal set-
tings of DRL, while separately tuning the GNN layer count (if applicable) and the
weight of the explanation component.

Table 4.14 presents the rating prediction performance of the original model, DRL,
and the four variants. We observed that DRL-gnn exhibited higher MSE and MAE val-
ues on the Office and Video Games datasets compared to DRL, indicating that the GNN
Layer positively contributes to the rating prediction accuracy. Additionally, removing
the target edge in the Dynamic Representation Layer resulted in a slight improvement
in recommendation accuracy on these two datasets. Surprisingly, on the CDs & Vinyl
dataset, DRL-gnn and DRL+target edge outperformed DRL on the MSE and MAE met-
rics, respectively, even though their performance on the other metric was inferior to
that of DRL. Moreover, excluding the dummy aspect had the most significant negative
impact on recommendation performance. However, disabling all semantic aspect em-
beddings had the least impact on recommendation accuracy and, in half of the cases,
even yielded positive effects; specifically, the MAE on the Video Games dataset was
lower than that of DRL, as were both the MSE and MAE on the CDs & Vinyl dataset.
Overall, the original model DRL demonstrated the strongest performance in the rating
prediction task across all three datasets, with DRL-semantic closely following as the
second-best performer.

The results of the ablation studies on aspect prediction, including Hit@1 and Re-
call@1 values, are provided in Table 4.15. The ablation analysis reports Hit@1 and Re-
call@1 because it focuses on the single highest-ranked predicted aspect. The effect of
varying the number of predicted aspects is analysed separately in Section 4.5.6, where
Hit@N, Recall@N, and Precision@N are reported for N = 1, ...,5. Consistent with the
findings from the rating prediction task, the GNN Layer proved beneficial for aspect
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TABLE 4.14: Rating prediction performance of DRL and its four variants.
The best results are highlighted in bold, and the second-best results are

underlined.
Dataset | Office | Video Games | CDs & Vinyl
Method | MSE MAE | MSE MAE | MSE MAE
DRL | 0.58603 0.51245 | 0.97370 0.70665 | 0.75192 0.61285
DRL-gnn 0.59361 0.53336 | 0.98762 0.73316 | 0.74557 0.61326

DRL+target edge | 0.58984 0.51992 | 0.97824 0.71070 | 0.75727 0.60263
DRL-semantic 0.58868 0.51984 | 0.97635 0.70463 | 0.74664 0.61103
DRL-dummy 0.60110 0.52967 | 0.99326 0.72018 | 0.76238 0.62459

prediction as well. After retaining the target edge or removing the dummy aspect, the
model’s explainability decreased on the Video Games and CDs & Vinyl datasets but
surprisingly improved on the Office dataset. Interestingly, disabling semantic aspect
embeddings even boosted explainability on all three datasets.

TABLE 4.15: Explainability performance of DRL and its four variants. The
best results are highlighted in bold, and the second-best results are under-

lined.
Dataset | Office | Video Games | CDs & Vinyl
Method | Hit@1 Recall@l | Hit@1 Recall@l | Hit@1l Recall@1
DRL | 38.02 2485 | 4391 2413 | 51.72  19.85
DRL-gnn 31.65 2245 | 4161 2360 | 47.67  16.59

DRL+target edge | 38.84 24.95 43.31 24.02 4941 17.78
DRL-semantic 39.95 25.28 44.86 24.54 53.50 20.29
DRL-dummy 39.37 25.25 42.39 23.75 46.08 14.60

4.6 Discussion

This study investigated the research question: How can user and item representations
be conditioned on each other to support both rating prediction and aspect-level rec-
ommendation explanation? To address this question, DRL separated general collab-
orative information from interaction-specific information when constructing user and
item representations. The rating-based GNN first learned general user and item em-

beddings from historical ratings and their collaborative neighbourhoods. For a target
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user-item pair, the dynamic representation layer then incorporated aspect-sentiment
information associated with their interaction, allowing the user representation to de-
pend on the target item and the item representation to depend on the target user. In
this study, "dynamic" therefore referred specifically to interaction-dependent representa-
tions rather than representations that evolved over time. The resulting representations
were used for both rating prediction and the prediction of user-aspect attention and
item-aspect quality.

The idea that user preferences can depend on the recommendation target is related
to existing target-aware recommendation research (He et al., 2018b; Cao et al., 2023;
Kim et al., 2024). Such approaches have shown that representing a user identically
for every candidate item can overlook the parts of the user’s historical preferences
that are most relevant to the current target. DRL followed this broader motivation but
investigated it in a different setting. Specifically, it conditioned both sides of the user-
item interaction on the other entity in the target pair and incorporated review-derived
aspect-sentiment information into this process. Its contribution was therefore not the
general idea that a user representation can depend on the recommendation target, but
a particular mechanism for combining collaborative and fine-grained review informa-
tion to construct interaction-dependent user and item representations for both rating
and aspect prediction.

The rating prediction results provided evidence that this representation strategy
was beneficial under the evaluated setting. DRL reduced MSE relative to all compared
baselines across the three datasets. Compared with HDE (Luo et al., 2019), which mod-
elled time-evolving review representations and direct neighbour information, DRL ad-
ditionally incorporated high-order collaborative information through the rating-based
GNN and conditioned the final user and item representations on the current inter-
action. The experimental results were consistent with the hypothesis that combining
general collaborative information with interaction-specific information could provide
a more informative representation for predicting a user’s evaluation of a particular
item. Nevertheless, because these components interacted within the overall archi-
tecture, the baseline comparison alone could not establish which design element was
solely responsible for the improvement.

The comparison with AARM (Guan et al., 2019) also provided some evidence for
the usefulness of sentiment information. AARM represented users and items through

review aspects without explicitly modelling their associated sentiment polarities, whereas
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DRL incorporated aspect-sentiment information. AARM achieved lower rating pre-
diction accuracy in the experiments. This result was consistent with the intuition that
knowing whether an aspect was discussed positively or negatively can provide more
informative preference evidence than knowing only that the aspect was mentioned.
The comparison did not, however, isolate sentiment as the only difference between the
two models, and therefore should not be interpreted as a direct causal demonstration
of the benefit of sentiment information.

The explanation experiments offered a complementary finding. The Matching base-
line directly combined the user-aspect attention vector and item-aspect quality vec-
tor obtained from historical data and performed surprisingly strongly, outperforming
EFM (Zhang et al., 2014a). This finding suggested that the basic principle underlying
aspect-level explanation was itself effective: an aspect was a plausible positive expla-
nation when it was important to the user and evaluated positively for the item. DRL
improved upon this static matching strategy by predicting interaction-dependent user
attention and item quality rather than relying only on historical profiles. Under the
evaluation protocol used in this study, this produced higher positive-aspect prediction
performance than the compared explanation baselines.

The ablation experiments further clarified the contribution of individual model
components. Removing the rating-based GNN reduced aspect prediction performance
across all three datasets and generally weakened rating prediction, although the ef-
fect on rating prediction was not uniform across every dataset and metric. This sug-
gested that high-order collaborative information provided useful general representa-
tions, particularly for predicting the aspects associated with a target interaction. The
target-edge and dummy-aspect variants produced more dataset-dependent effects on
aspect prediction. For rating prediction, the original DRL design generally performed
better than these variants, indicating that removing the target edge and retaining the
dummy rating aspect were useful design choices within the current architecture. Their
effects on aspect prediction were less consistent, suggesting that the optimal treatment
of these components may depend on dataset characteristics and prediction objectives.

The semantic aspect embeddings produced a particularly informative ablation re-
sult. Their effect on rating prediction varied across datasets and metrics. Removing the
semantic embeddings reduced rating prediction performance on the Office dataset,
produced mixed results on the Video Games dataset, and improved both MSE and
MAE on the CDs & Vinyl dataset. The experiments therefore did not establish a con-

sistent benefit or disadvantage of semantic aspect embeddings for rating prediction. In
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contrast, removing the semantic aspect embeddings consistently improved both Hit@1
and Recall@1 for aspect prediction across all three datasets. In the original DRL, se-
mantic aspect embeddings were incorporated into the edge encoder by mapping the
sentiment-based aspect vector through the aspect embedding matrix, with the aim of
encoding semantic information among aspects. The ablation results, however, did not
show that this additional semantic representation consistently improved the evaluated
tasks. One possible explanation for the aspect-prediction results is a mismatch between
the semantic information encoded by this component and the exact-match evaluation
protocol. For example, semantically related predictions such as "music" and "song"
were treated as different aspects even though they could convey similar information.
An alternative explanation is that the semantic representation itself introduced infor-
mation that was not useful for predicting the specific aspects subsequently mentioned
by users. The current experiments could not distinguish between these explanations.
Further evaluation using semantic-aware metrics and human judgement would there-
fore be required to determine whether this component captures useful information that
is not reflected by exact aspect matching.

A further qualification concerns the meaning of "explainability" in the reported re-
sults. The evaluation measured whether DRL could predict positive aspects that sub-
sequently appeared in a user’s review. These aspect predictions provided structured
and human-readable information that could serve as the basis for explaining why an
item matched the modelled user preferences. However, higher Hit@N or Recall@N
did not directly demonstrate that users would perceive the resulting explanations as
more useful, understandable, persuasive, or trustworthy. The reported results should
therefore be interpreted as improvements in aspect prediction as an operational measure of
explanation, rather than direct evidence of improved user-perceived explanation qual-
ity.

Taken together, the findings answered the research question in two parts. First,
interaction-dependent user and item representations were learned by combining gen-
eral collaborative representations with fine-grained aspect-sentiment information as-
sociated with the target interaction, allowing the representation of each entity to de-
pend on its current counterpart. Second, within the evaluated datasets, these represen-
tations improved both rating prediction and positive-aspect prediction relative to the
compared static approaches. The results therefore supported interaction-dependent

representation learning as an effective strategy for the aspect-level recommendation
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setting investigated in this study. At the same time, the ablation and evaluation re-
sults showed that the usefulness of individual representation components depended
on the prediction objective and that improved automatic aspect prediction should not

be equated with improved explanation quality from the user’s perspective.

4.6.1 Limitations and Future Work

The first limitation concerned the scope of the explanation task and its evaluation. DRL
predicted only positive aspects and therefore provided supporting reasons for recom-
mendations, but it did not model reasons why an item should not be recommended.
Existing aspect-based recommendation research has shown that negative item perfor-
mance on aspects valued by a user can also provide a basis for explaining disrecom-
mendations (Zhang et al., 2014a). The datasets used in this study contained substantial
negative aspect information, suggesting that the same general framework could be
extended to predict both positive and negative aspects. Future work could therefore
model these signals jointly to provide contrastive explanations that identify both the
characteristics that support a recommendation and those that may conflict with the
user’s preferences.

The current evaluation protocol imposed a second limitation. Positive aspects ap-
pearing in held-out reviews were treated as ground truth and evaluated through exact
matching. This made the evaluation reproducible, but it did not recognise semantically
equivalent aspect expressions and did not measure how users perceived the explana-
tions. This limitation was particularly relevant to the semantic-ablation results, where
removing semantic aspect embeddings improved the exact-match metrics. The exper-
iments therefore did not establish whether the semantic component provided useful
information that was not captured by the current evaluation protocol, or whether it
was simply unnecessary for the aspect-prediction task. Future work should evalu-
ate aspect predictions using semantic-aware matching in addition to exact matching
and, more importantly, complement offline metrics with user studies. Recent research
on explainable recommender systems has emphasised that user-centred evaluation is
necessary for assessing properties such as usefulness, comprehensibility, persuasive-
ness, and trust, and that these effects can vary across user groups (Wardatzky et al.,
2025). Such evaluation would help determine whether semantic representations pro-

duce explanations that users regard as equivalent or useful even when the predicted
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wording differs from the review ground truth. If no benefit were observed under ei-
ther semantic-aware or human evaluation, the semantic component could instead be
removed from the model.

A third limitation concerned the construction of the aspect-sentiment data. Before
adopting the final LLM-based extraction procedure, we performed a preliminary anal-
ysis using Sentires (Zhang et al., 2014b) on the original Amazon Video Games review
corpus. Sentires identified many meaningful aspects, but the resulting vocabulary also
exhibited substantial fragmentation among synonymous or morphologically related
expressions, incomplete aspect terms, and sparse extraction at the review level. These
observations motivated the use of an LLM-based procedure that could be prompted to
infer contextually relevant aspects and sentiment polarities.

This preliminary analysis, however, was not a controlled comparison between Sen-
tires and the LLM. It was conducted on the original, unprocessed corpus, whereas
the final aspect-sentiment datasets were constructed through a different preprocessing
pipeline. Moreover, no manually annotated aspect-sentiment ground truth was avail-
able to compare extraction precision, recall, semantic consistency, or implicit-aspect
identification. The study therefore did not establish that LLM-based extraction was
generally superior to Sentires. Future work should conduct a controlled comparison
in which Sentires, LLM-based extraction, and more recent ABSA methods are applied
to the same reviews and evaluated against manually annotated samples. Such eval-
uation should consider both intrinsic extraction quality and downstream effects on
recommendation accuracy and aspect prediction. This would help separate improve-
ments attributable to DRL from those attributable to the preprocessing method used to
construct its aspect-sentiment inputs.

Beyond improving the evaluation of aspect extraction itself, LLMs could also be
investigated as components of the explanation stage rather than being restricted to
data preprocessing. DRL currently produced aspect-level outputs rather than com-
plete natural-language explanations. Recent work has investigated the use of LLMs
to generate user-facing recommendation explanations, although current research also
distinguishes fluent recommendation justifications from faithful explanations of the
underlying recommendation process (Said, 2025; Lin et al., 2025). A future extension
could use the user and item aspect representations learned by DRL as explicit ground-
ing evidence for an LLM, allowing it to verbalise the predicted aspects as personalised
explanations. Grounding the generated text in the model’s predicted evidence would

be important to reduce the risk of producing plausible but unsupported justifications.
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A fourth limitation was the meaning of "dynamic" representation in the current
model. DRL adapted user and item representations to the current interaction coun-
terpart, but the model did not capture temporal changes in user preferences as new
interactions occurred. This distinguishes interaction dependence from the temporal
dynamics studied in sequential recommender systems. Recent sequential recommen-
dation research has increasingly focused on modelling evolving short-term and long-
term user interests from ordered interaction histories (Boka et al., 2024). A natural ex-
tension would therefore combine interaction-dependent representation learning with
sequential modelling, allowing the representation used for a target user-item pair to
depend both on the current counterpart and on the user’s evolving interaction his-
tory. This would extend the current interaction-dependent formulation to incorporate
temporal dependence as well.

The empirical scope of the study also limited the generalisability of the findings.
Although three Amazon product categories with different characteristics were evalu-
ated, all were drawn from the same e-commerce ecosystem. The experiments there-
fore did not establish whether the same interaction-dependent representation mecha-
nism would provide similar benefits in domains with substantially different user be-
haviour, item characteristics, or review practices. Future work should validate DRL
across additional domains and, where task-compatible implementations are available,
compare it with more recent target-aware, context-aware, and LLM-enhanced recom-
mendation approaches (Kim et al., 2024; Mateos and Bellogin, 2024). Such evaluation
would provide stronger evidence about which aspects of DRL generalise beyond the
current datasets.

Finally, the edge encoder produced predicted values corresponding to the dummy
rating aspect in the user attention and item quality vectors, but these values were dis-
carded in the final model. They may encode information related to a user’s general
rating tendency and an item’s overall perceived quality. Future work could examine
whether explicitly incorporating these outputs into rating prediction provides com-
plementary information. This should be evaluated through controlled ablation rather

than assumed to improve performance.
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4,7 Conclusions

This study proposed DRL, an aspect-level recommendation model that learned interaction-
dependent representations of users and items by combining general collaborative in-
formation with aspect-sentiment information associated with the current user-item in-
teraction. In contrast to using a single fixed representation for every interaction, DRL
allowed the representation of a user to depend on the target item and the represen-
tation of an item to depend on the target user. The experimental results showed that
this design improved rating prediction and positive-aspect prediction relative to the
compared baselines across the three evaluated datasets.

The main finding was that modelling the current user-item interaction explicitly
provided useful information beyond general historical representations. The rating-
based GNN contributed to both recommendation and aspect prediction, while the
interaction-dependent layer enabled the model to relate the user’s aspect preferences
to the characteristics of the target item. The ablation study also showed that additional
representation components were not uniformly beneficial. In particular, semantic as-
pect embeddings had mixed effects on rating prediction across datasets, while remov-
ing them consistently improved the exact-match aspect-prediction metrics. This find-
ing highlighted the importance of evaluating representation components separately
across different objectives rather than assuming that additional semantic information
necessarily improves recommendation performance.

Overall, the findings showed one way in which user-item mutual influence could be
incorporated into representation learning: general user and item representations were
conditioned on interaction-specific aspect-sentiment evidence to construct representa-
tions for the target pair. Within the scope of the experiments, these representations
supported more accurate rating and positive-aspect prediction. The latter provided a
structured basis for aspect-level recommendation explanations, although the quality
of these explanations from the user’s perspective remains to be established through
human-centred evaluation.

Finally, this study constructed three review datasets containing structured aspect-
sentiment information using an LLM-based extraction procedure to support the aspect-
level modelling and evaluation. Together, the proposed model and datasets provided
a basis for further research on interaction-dependent representation learning and ex-

plainable recommendation.
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Chapter 5
Discussion

Personalised recommender systems typically rely on representations of users and items
learned from their historical interactions and, where available, additional sources of
information. This thesis investigated how user and item representations could be
learned from multiple forms of feedback, including implicit interactions, numerical
ratings, and textual reviews, to improve recommendation accuracy and explainabil-
ity. The overarching research question was: How can user and item representations
be learned from heterogeneous feedback to account for differences across feedback
types and user-item interactions while supporting accurate and aspect-level explain-
able recommendation?

To address this research question, this thesis developed a polymorphic represen-
tation learning perspective, in which the same entity could be represented differently
according to the feedback type being modelled or the current user-item interaction.

This perspective was investigated from two implementations:

¢ Implementation 1: Implicit versus Explicit Feedback. As discussed in Chap-
ter 3, we proposed a GCN-based model, Interdependent Embedding Learning
(IEL), which learned distinct yet interdependent user and item representations
from implicit and explicit feedback. IEL was designed to improve both ranking
and rating prediction by allowing information to propagate within and across the
two feedback-specific graphs.

¢ Implementation 2: User-Item Mutual Influence. In Chapter 4, we developed
an aspect-level explainable recommendation model, Dynamic Representation
Learning (DRL), which learned interaction-dependent user and item represen-
tations according to their current interacting counterparts. The term "dynamic"

in the model name refers to variation across user-item interactions rather than
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temporal evolution. DRL was designed to improve rating prediction and aspect-
level explanation by combining collaborative information with aspect-sentiment

information extracted from textual reviews.

5.1 Key Findings of IEL

In the initial design of IEL, we incorporated an attention mechanism for neighbour ag-
gregation, nonlinear interaction learning, and edge learning. These additional mecha-
nisms did not improve ranking accuracy in the experiments. The final model therefore
focused on node representation learning and adopted simpler components for intra-
graph and inter-graph message passing, drawing on the designs of He et al. (2020)
and Koren (2008a), respectively. An inner product was also used for interaction mod-
elling. These results indicated that increasing architectural complexity did not neces-
sarily improve the integration of heterogeneous feedback and that relatively simple
propagation mechanisms could provide an effective basis for cross-feedback represen-
tation learning.

The evaluation of IEL showed that jointly modelling implicit and explicit feedback
improved recommendation performance under the experimental setting, but the two
feedback types contributed differently to the two recommendation objectives. Explicit
feedback provided substantial additional information for ranking, whereas incorpo-
rating implicit feedback produced comparatively limited gains in rating prediction.
This asymmetric effect was consistent with the observation of Chen and Peng (2018)
that implicit signals can be too noisy to provide precise adjustments to rating esti-
mates. A similar pattern was observed for the RnR baseline (Hadash et al., 2018),
whose strongest rating prediction performance on both datasets was obtained when
the weight assigned to its ranking objective was only 0.1. These findings suggested
that heterogeneous feedback could provide complementary information, but that the

usefulness of each feedback type depended on the prediction objective.

5.2 Key Findings of DRL

In the initial design of DRL, the learned interaction-dependent user and item represen-
tations were directly combined, for example through concatenation or element-wise
multiplication, to predict ratings and review aspects. Although this design achieved
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strong rating prediction performance, it performed less effectively on aspect predic-
tion. The final model therefore first decoded a user-aspect attention vector and an
item-aspect quality vector from the respective representations and then matched these
vectors through element-wise multiplication. This decomposition substantially im-
proved aspect prediction and provided an explicit connection between the learned
representations and the aspect-level information used for recommendation explana-
tion.

DRL outperformed the compared static baselines (Zhang et al., 2014a; Hou et al.,
2019) in rating prediction and in the automatic aspect-prediction metrics used to eval-
uate explanation. The comparison with AARM (Guan et al., 2019) also suggested that
incorporating sentiment associated with review aspects was useful for modelling fine-
grained user preferences and item characteristics. However, the ablation experiments
revealed an important qualification. Removing the semantic aspect embeddings im-
proved the reported explanation metrics on all three datasets. Under the current ex-
perimental setting, the semantic component therefore did not provide an empirical
advantage for aspect prediction. This result also exposed a limitation of the evaluation
protocol, which relied on exact correspondence with aspects appearing in held-out re-
views and could not assess whether semantically related but lexically different aspects
would be perceived as equivalent by users.

Overall, the results supported the value of combining heterogeneous feedback and
interaction-dependent representation learning under the evaluated settings. They also
showed that the contribution of individual information sources and model compo-
nents was task-dependent, and that improved automatic explanation metrics should

not be interpreted as direct evidence of improved user-perceived explanation quality.

5.3 Addressing the Research Questions

IEL and DRL were developed to address the two sub-questions:

RQ1 How can implicit and explicit feedback be integrated to learn user and item
representations that preserve feedback-specific information and support both

item ranking and rating prediction?

RQ2 How can user and item representations be conditioned on each other to sup-

port both rating prediction and aspect-level recommendation explanation?
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Regarding RQ1, IEL showed that feedback-specific user and item representations
could be learned jointly through intra-graph and inter-graph information propagation.
The resulting model improved both ranking and rating prediction relative to the com-
pared baselines, although the benefits of the two feedback types were asymmetric. The
tindings therefore answered RQ1 by demonstrating that implicit and explicit feedback
could be integrated through distinct yet connected representation spaces, while also
showing that their contributions depended on the target recommendation task.

Regarding RQ2, DRL showed that user and item representations could be condi-
tioned on each other by combining general collaborative representations with interaction-
specific aspect information. This design improved rating prediction and aspect-prediction
performance relative to the compared static models. The results therefore supported
interaction-dependent representation learning as an effective strategy within the eval-
uated aspect-level recommendation setting. At the same time, because explanation
quality was evaluated primarily through automatic aspect metrics and qualitative case
studies, further user-centred evaluation would be required to determine whether these
improvements translated into explanations that users found more useful, persuasive,
or understandable.

Taken together, IEL and DRL demonstrated two implementations of the polymor-
phic representation learning perspective investigated in this thesis. IEL varied repre-
sentations according to feedback type, whereas DRL adapted them according to the
interacting counterpart. The overarching research question was therefore answered
by showing that representation learning could explicitly account for heterogeneity in
both feedback sources and current user-item interactions, rather than requiring the

same representation to serve all recommendation settings.

5.4 Thesis Significance and Broader Impact

Classical collaborative filtering methods commonly associate each user and item with
a general latent representation, whereas subsequent research has introduced richer
alternatives, including multi-interest, disentangled, context-aware, and target-aware
representations (Ma et al., 2019; Li et al., 2019). Against this broader research back-
ground, the contribution of this thesis was not simply the use of multiple or interaction-
dependent representations. Instead, it formulated these variations within a common
polymorphic representation perspective and investigated two complementary sources

of representation variation. IEL modelled user and item representations separately



Chapter 5. Discussion 143

across implicit and explicit feedback while explicitly allowing information exchange
between the corresponding representation spaces. DRL considered a different form
of variation by adapting both user and item representations to the current interaction
counterpart using fine-grained information derived from reviews. Together, the two
studies provided a unified account of how representation learning could respond to
heterogeneity in both feedback type and current user-item interaction.

A second contribution concerned the connection between representation learning
and explainable recommendation. DRL incorporated aspect-level preference and item-
quality information into the representation and prediction process, allowing recom-
mended items to be associated with specific aspects that reflected the modelled re-
lationship between user preferences and item characteristics. This provided a more
inspectable basis for explanation than relying exclusively on latent user-item matching
scores. Importantly, the experiments established improvements in aspect-prediction
metrics rather than user-perceived explanation quality. The broader value of this ap-
proach therefore lies in providing structured, human-readable information that can
support explanation generation, while its effects on user trust, satisfaction, and decision-
making remain questions for future user-centred evaluation.

The research questions addressed in this thesis also remain relevant to current de-
velopments in recommender systems. Recent multi-behaviour recommendation re-
search increasingly considers heterogeneous interaction signals and the dependencies
between them, while multi-modal and LLM-based recommendation extends represen-
tation learning to richer textual, visual, and semantic information (Kim et al., 2026; Liu
et al., 2024; Lin et al., 2025; Zhao et al., 2024b). The polymorphic perspective inves-
tigated in this thesis provides one way of reasoning about such settings: rather than
forcing heterogeneous evidence into a single invariant representation, the representa-
tion used for a user or item can depend on the source and context of the available evi-
dence. The experiments in this thesis were conducted in offline e-commerce settings, so
they did not establish scalability or generalisability across domains. Nevertheless, the
underlying representation principle provides a starting point for investigating more

heterogeneous, multi-modal, and adaptive recommendation settings.

5.5 Limitations and Future Work

Several limitations constrained the conclusions that could be drawn from the exper-
iments. First, the proposed models were evaluated primarily on Amazon product
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datasets. Although multiple product categories were included, all datasets originated
from the same e-commerce ecosystem, and the experiments therefore did not establish
generalisability to substantially different recommendation domains. The thesis also
did not evaluate system-level scalability through runtime, memory consumption, or
large-scale deployment experiments. Future work should consequently examine the
proposed representation learning perspective on larger datasets and in domains such
as media, news, local services, or other platforms with different interaction patterns,
while explicitly evaluating computational efficiency.

A second limitation concerned the modelling of implicit feedback. In the IEL exper-
iments, implicit interactions were derived by binarising observed rating interactions
rather than being collected as independent behavioural signals such as clicks, views,
add-to-cart events, and purchases. The experiments therefore captured the distinction
between binary and rating-based representations of interactions, but did not capture
the different semantics of real user behaviours. Recent multi-behaviour recommenda-
tion research explicitly distinguishes behaviour-specific signals and studies how de-
pendencies among them should be modelled (Kim et al., 2026). A natural extension
of IEL would therefore be to learn separate but related representations for different
behavioural types and to investigate when they should be combined, transferred, or
kept distinct. Such data would also make it possible to extend the original proposal
of combining IEL and DRL: aspect-level information could be used to investigate why
the same user exhibited different behaviours towards an item, for example clicking or
purchasing an item but later expressing dissatisfaction in a rating or review.

The interaction dependence studied by DRL also differed from temporal dynamics.
DRL adapted a representation according to the current user-item counterpart, but it
did not model how preferences evolved over time as new interactions arrived. Future
work could extend polymorphic representation learning from interaction-dependent
representations to representations that also adapt to behavioural sequence and tempo-
ral context. This direction would connect the framework to current multi-behaviour
and sequential recommendation research, where both the type and order of interac-
tions can provide information about changing user intent (Kim et al., 2026). Such
an extension would also permit evaluation in online or continually updated settings
rather than relying exclusively on representations learned from fixed historical data.

The evaluation of explainability presented another limitation. DRL was evaluated

using automatic aspect-prediction metrics and qualitative case studies, but no user
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study was conducted to assess whether the resulting explanations were understand-
able, useful, or persuasive to users. Future work should therefore combine automatic
evaluation with human-centred assessment and should examine both positive and
negative aspects when explaining recommendations or non-recommendations. Large
Language Models provide an additional direction for this research. Existing studies
have used LLMs as semantic encoders for user and item representation, as components
of recommendation pipelines, and as generators of natural-language recommendation
explanations (Zhao et al., 2024b; Lin et al., 2025; Said, 2025). In this thesis, the LLM was
used only to extract aspect-sentiment information from reviews. Future work could
investigate whether LLM-derived semantic representations complement collaborative
representations and whether LLMs can generate personalised explanations grounded
explicitly in the aspect-level evidence learned by DRL. Grounding would be particu-
larly important because fluent LLM-generated justifications should not automatically
be treated as faithful explanations of the recommendation model.

Finally, the current models relied predominantly on collaborative feedback and tex-
tual reviews. Incorporating item descriptions, images, and other metadata could pro-
vide complementary information when interaction histories are sparse and could re-
duce the dependence of representation learning on collaborative signals. Recent mul-
timodal recommendation research has increasingly investigated the integration of tex-
tual, visual, and other content features for richer item representations and for sparse or
cold-start settings (Liu et al., 2024). A future extension could therefore connect aspects
extracted from reviews with corresponding item content, such as linking an aspect de-
scribing "storage" to product specifications or descriptions. This would allow the poly-
morphic framework to combine behavioural, evaluative, and content-based evidence
and could provide a more informative representation for items with limited historical

interactions.
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Chapter 6
Conclusions

This thesis investigated how user and item representations can be learned from hetero-
geneous feedback when the information relevant to a recommendation varies across
feedback types and interaction counterparts. The two studies were brought together
under a polymorphic representation learning perspective, in which the same user
or item does not necessarily need to be represented by a single invariant embedding.
Instead, representations may differ according to the feedback being modelled or the
particular user-item interaction being considered.

The first study addressed the integration of implicit and explicit feedback through
Interdependent Embedding Learning (IEL). IEL maintained separate user and item
representations for the two feedback types and connected selected feedback-specific
representations through GCN-based intra-graph and inter-graph message passing. The
experimental results showed that modelling these representations as distinct but inter-
dependent improved recommendation performance relative to the compared unified
recommendation baselines. The benefits were strongest and most consistent for item
ranking, whereas the contribution of the implicit-feedback view to rating prediction
was more limited. These findings supported the view that implicit and explicit feed-
back can provide complementary information, but that their contributions need not be
symmetric across recommendation objectives.

The second study addressed interaction-dependent representation learning through
Dynamic Representation Learning (DRL). DRL combined general collaborative repre-
sentations with fine-grained aspect-sentiment information to construct an item-dependent
user representation and a user-dependent item representation. Across the evaluated
datasets, DRL achieved lower rating-prediction MSE than the compared baselines and
improved positive-aspect prediction. These results provided empirical support for
conditioning user and item representations on their current interaction counterpart. In

this thesis, the term dynamic therefore refers to interaction-dependent representation
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rather than temporal changes in user preferences or item characteristics.

Together, the two studies answered the research questions from two complemen-
tary perspectives. RQ1 examined how representations associated with implicit and ex-
plicit feedback could remain distinct while exchanging collaborative information. IEL
addressed this problem through feedback-specific graphs and selected cross-feedback
message-passing pathways. RQ2 examined how representations could vary accord-
ing to the current user-item interaction. DRL addressed this problem by combining
general collaborative information with interaction-specific aspect-sentiment informa-
tion to construct interaction-dependent representations for rating and positive-aspect
prediction.

The findings also clarify the role of explainability in this thesis. DRL produced
structured aspect-level outputs that could be associated with the modelled preferences
of a user and characteristics of an item. Higher Hit@N and Recall@N therefore indi-
cated better prediction of positive aspects appearing in held-out reviews. These mea-
sures provided an operational evaluation of aspect-level explanation, but they did not
directly establish that users would perceive the resulting explanations as more useful,
understandable, persuasive, or trustworthy. This distinction is important when inter-
preting the contribution of DRL to explainable recommendation.

The main contribution of this thesis is therefore not the claim that a single represen-
tation is universally inadequate, but the demonstration that allowing representations
to vary in a controlled manner can be beneficial when the available information has
different meanings or when different information becomes relevant for different inter-
action counterparts. IEL demonstrated this principle across feedback types, while DRL
demonstrated it across user-item interaction contexts. The thesis also constructed three
derived Amazon review datasets containing LLM-extracted aspect-sentiment informa-
tion to support aspect-level recommendation research.

Overall, this thesis provides empirical evidence that feedback-dependent and interaction-
dependent representation learning offer useful ways to model heterogeneous user feed-
back in recommender systems. Rather than collapsing different signals or user-item in-
teractions into a single representation, the proposed approaches preserve their distinc-
tions while allowing relevant information to be integrated for prediction. This perspec-
tive provides a foundation for further research on representation learning for accurate

and explainable recommendation.
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